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Abstract

The emergence of Deep Learning (DL) has revolutionized the field of computer vision,
by allowing machines to outperform humans across a wide range of tasks. In particular
in the domain of Autonomous Driving (AD) and Advanced Driver Assistance Systems
(ADAS), DL has been successfully applied to a multitude of tasks, such as object detection,
segmentation, tracking, prediction, trajectory planning and various others. To guarantee
optimal performance, safety and reliability of AD systems, DL methods have to be trained
and tested rigorously on large and diverse datasets. This presents a challenge, due to the
complexity and variability of real-world environments, as well as the costs associated
with acquiring sufficient data of rare but critical events.

One way to address this issue lies in simulation, which can generate large volumes
of synthetic data at a fraction of the cost of real-world data acquisition. Furthermore,
simulation provides the benefit of allowing complete and independent control over all
influences on the system, allowing for in-depth analysis of the system’s behavior w.r.t. to
changes in the environment, without endangering human lives or expensive equipment.
In the past, simulation of realistic Light Detection and Ranging (LiDAR) data has not
received as much attention as simulation of photorealistic images. Therefore, we present a
physically-based LiDAR simulation model that is capable of generating realistic LIDAR
data, and use it to train and evaluate various DL models for LiDAR object detection,
comparing our method against other strong baselines. This represents the first major
contribution of this thesis.

One of the most significant challenges in simulation is attaining a level of realism that
ensures that methods perform consistently in both simulated and real-world environments,
allowing for transfer of insights from simulation to the real world. An alternative, equally
cost-efficient approach to obtain large amounts of annotated data is to employ self-
supervised learning on data from the target domain directly, eliminating the risk of
unrealistic data such as simulation artifacts. Self-supervised learning exploits the inherent
structure of the data to produce supervision signals for training, without the need for any
human annotation. Therefore, in this thesis we propose a novel self-supervised learning
method that learns per-point motion estimation from raw LiDAR data sequences only.
Additionally, we demonstrate that our method is able to segment moving objects in the
scene and use this information to improve the motion estimation task. Our method is
evaluated on three different datasets and outperforms our strong baselines. This novel
method marks the second major contribution of this thesis.

Motion cues are a powerful source of information for AD systems. Essentially, all
moving objects in the scene are of interest to the AD system, as they have the potential to
directly influence the vehicle’s trajectory. However, this potential extends beyond moving
objects, and includes those that have the capability to move, i.e. all movable objects. Using
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Abstract

the self-supervised per-point motion estimation mentioned above, we propose a novel
method that iteratively discovers all movable objects in the scene. This enables us to train
state-of-the-art LIDAR object detectors without the need for any human annotation, which
is especially useful in AD, where obtaining labeled data is expensive and time-consuming.
We compare our method against several other strong baselines and demonstrate that our
method improves over the state-of-the-art on four different datasets, using two different
object detectors and identical hyperparameters for all settings, which represents the final
major contribution of this thesis.
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Kurzfassung

Das Aufkommen von Deep Learning (DL) hat das Feld der Computer Vision revolu-
tioniert, indem es Maschinen in die Lage versetzt hat, Menschen in einer Vielzahl von
Aufgaben zu iibertreffen. Insbesondere im Bereich des autonomen Fahrens (AD) und
der Fahrerassistenzsysteme (ADAS) wird DL erfolgreich fiir zahlreiche Aufgaben an-
gewendet, wie Objekterkennung, Segmentierung, Vorhersage, Trajektorienplanung und
viele andere. Um optimale Leistung, Sicherheit und Zuverlidssigkeit von AD-Systemen
zu gewihrleisten, miissen DL-Methoden rigoros auf groBen und abwechslungsreichen
Datensitzen trainiert und getestet werden. Dies stellt eine Herausforderung dar, aufgrund
der Komplexitit und erforderlichen Variabilitdt der Datensitze sowie der Kosten, die mit
der Erfassung ausreichender Daten seltener, aber kritischer Ereignisse verbunden sind.

Eine Moglichkeit, dieses Problem zu adressieren, ist die Simulation, die gro3e Mengen
synthetischer Daten zu einem Bruchteil der Kosten der realen Datenerfassung erzeugen
kann. AuBerdem hat sie den Vorteil, dass alle Systemeinfliisse vollstandig und unabhingig
kontrolliert werden konnen, was eine eingehende Analyse des Systemverhaltens in Bezug
auf Anderungen in der Umgebung ermoglicht, ohne Menschenleben oder teure Prototypen
zu gefihrden. In der Vergangenheit hat die Simulation realistischer Light Detection and
Ranging (LiDAR)-Daten weniger Aufmerksamkeit erhalten als die Simulation fotorealisti-
scher Bilder. Daher présentieren wir ein physikalisch basiertes LIDAR-Simulationsmodell,
das in der Lage ist, realistische LiDAR-Daten zu erzeugen, und verwenden es, um ver-
schiedene DL-Modelle fiir die LIDAR-Objekterkennung zu trainieren und zu evaluieren,
wobei wir unsere Methode mit anderen starken Baselines vergleichen. Dies stellt den
ersten wesentlichen Beitrag dieser Arbeit dar.

Eine der groBten Herausforderungen in der Simulation besteht darin, ein Mal3 an
Realismus zu erreichen, das sicherstellt, dass Methoden sowohl in simulierten als auch in
realen Umgebungen konsistent funktionieren, sodass Erkenntnisse aus der Simulation in
die reale Welt libertragen werden konnen. Ein alternativer, ebenso kosteneffizienter Ansatz
zur Gewinnung groler Mengen annotierter Daten besteht darin, selbstiiberwachtes Lernen
direkt auf Daten aus der Zielumgebung anzuwenden, wodurch das Risiko unrealistischer
Daten (zum Beispiel durch Simulationsartefakte) verhindert wird. Selbstiiberwachtes
Lernen nutzt die inhdrente Struktur der Daten, um Trainingssignale zu erzeugen, ohne
dass menschliche Annotationen erforderlich sind. Daher schlagen wir in dieser Arbeit
eine neuartige Methode des selbstiiberwachten Lernens vor, die die Bewegungsschitzung
pro Punkt nur aus Roh-LiDAR-Datensequenzen lernt. Zusitzlich zeigen wir, dass unsere
Methode in der Lage ist, sich bewegende Objekte in der Szene zu segmentieren und diese
Informationen zu nutzen, um die Bewegungsschitzung zu verbessern. Unsere Methode
wird auf drei verschiedenen Datensitzen evaluiert und iibertrifft unsere starken Baselines.
Diese neuartige Methode stellt den zweiten wesentlichen Beitrag dieser Arbeit dar.



Kurzfassung

Bewegungsinformationen sind eine méchtige Informationsquelle fiir AD-Systeme. Im
Wesentlichen sind alle sich bewegenden Objekte in der Szene fiir das AD-System relevant,
da sie das Potenzial haben, die Trajektorie des Fahrzeugs direkt zu beeinflussen. Dieses
Potenzial erstreckt sich jedoch iiber bewegte Objekte hinaus und umfasst auch solche, die
die Fahigkeit zur Bewegung haben, d.h. alle beweglichen Objekte. Unter Verwendung der
oben genannten selbstiiberwachten punktweisen Bewegungsschitzung schlagen wir eine
neuartige Methode vor, die iterativ alle beweglichen Objekte in der Szene entdeckt. Dies
ermoglicht es uns, LIDAR-Objektdetektoren ohne menschliche Annotationen zu trainieren,
was besonders im AD Bereich niitzlich ist, wo die Gewinnung von gelabelten Daten teuer
und zeitaufwendig ist. Wir vergleichen unsere Methode mit mehreren anderen starken
Baselines und zeigen, dass unsere Methode mit identischen Hyperparamtern den Stand
der Technik auf vier verschiedenen Datensétzen fiir zwei verschiedene Objektdetektoren
verbessert. Dies stellt den letzten wesentlichen Beitrag dieser Dissertation dar.
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1 Introduction

Due to the ever-increasing demand for safer and more convenient mobility, Advanced
Driver Assistance Systems (ADAS) are becoming more and more available on the market,
with some lower-end systems such as lane keeping assistance or emergency braking
assistance even becoming mandatory for new car models in certain jurisdictions [Com21].
On top of that, in the last years, the development of Autonomous Driving (AD) systems
has made significant progress, with some companies offering autonomous taxi services in
certain cities [Way24]. This increased level of automation requires reliable, robust and
scalable environment perception systems for safe operation. In order to achieve a robust
understanding of the scene, current vehicles are equipped with a multitude of sensors such
as cameras, Radio Detection and Ranging (RADAR) or Light Detection and Ranging
(LiDAR) sensors [Pre20; AG24], which are constantly observing the environment. Sensor
data is processed by a perception system, which nowadays employs Deep Learning (DL)-
based methods due to their superior performance, accuracy and robustness in contrast
to classical approaches. Their major drawback, however, is the requirement for large
amounts of annotated data for training and validation, which is expensive to obtain. In
addition, the necessary extensive testing of these systems is also expensive, as real-world
testing is slow and labor-intensive, especially for rare edge cases that may have to be
staged in controlled environments. Therefore, this thesis investigates possibilities how the
cost of data annotation and testing can be reduced.

Section 1.1 starts with the problem statement and motivation. In Section 1.2, the main
contributions of this thesis are introduced. Finally, Section 1.3 presents the structure of
this thesis.

1.1 Problem Statement

Current DL-based, state-of-the-art perception systems for AD require large amounts of
human-annotated data for training and evaluation. Especially when it comes to more
complex types of annotations in the LIDAR/3D domain such as 3D Object Detection,
Semantic Segmentation, or Scene Flow human annotations at the scale required by these
perception systems are labor-intensive and complicated to obtain. This makes annotated
data not only very expensive, but also prone to human errors due to the time-consuming
and tedious nature of the process of manual data annotation. Also, with each new LiDAR
sensor model, the annotation process has to be repeated.

Another important aspect of developing AD systems is the testing and validation of
these systems. As the consequences of errors in AD systems can be potentially life-
threatening, test coverage of these systems needs to be as comprehensive as possible.
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However, real-world testing, recording and manual annotation for all scenarios that a
vehicle might encounter is prohibitively expensive, especially considering the long tail
of edge cases (i.e. seldomness of occurrence) that need to be covered. At the same
time, the fast-paced AD development cycle requires quick iterations, which is difficult to
achieve with real-world testing: Investigating the effect of changes to sensor hardware
configurations etc. is impossible to do quickly and cheaply in the real world. Additionally,
edge cases and other rare events can sometimes not be safely tested in the real world due
to endangerment of humans or expensive prototypes.

In summary, the progress of AD technology is (among other reasons) hindered by the
complexity and high cost of data annotation, and the cost of real-world testing, especially
in seldom edge cases.

1.2 Contributions

In order to mitigate these challenges and to alleviate the burden of data annotation and
real-world testing, this thesis investigates two different methods to reduce the cost of
developing AD technology.

The first method investigated in this thesis is LiIDAR simulation. In certain aspects,
simulation has many advantages over real-world testing. Simulations allow for repeatable
closed-loop simulation, which is useful for debugging and improving systems, as all
(internal and external) parameters can be controlled precisely and independently. This
control includes parameters that are impossible to control in the real world such as weather,
traffic, even long-tail scenarios. However, simulating sensors like LiDAR, cameras, and
RADAR with high fidelity is challenging and computationally expensive. Lacking fidelity
or simulation artifacts can lead to systems overfitting to simulation, i.e. they perform well
in simulation but fail to generalize to the more nuanced real world.

In this thesis, we develop a physically-based LiDAR simulator that can be used for
training and evaluation of LiDAR object detection networks. Specifically for LIDAR
simulation, the two most important aspects are the visibility aspect (“Does the sensor
see the target?”), as well as the noise on the measurement (“How does the sensor see the
target?”’), which our simulator models and which we evaluate in this thesis. The visibility
aspect is critical, since it dictates whether an object can be detected by a LiDAR sensor
at all, which has severe impact on safety. Furthermore, real-world LiDAR sensors are
subjected to noise, which is important to model in a simulator, as it directly influences the
appearance of objects. Our simulator is designed to model these aspects as accurately as
possible, based on the physical principles of LiDAR sensors. We compare and evaluate
our simulator to existing simulation models in these aspects.

An alternative method to training networks on simulated data investigated in this thesis
is self-supervised learning. Self-supervised learning can leverage large amounts of unla-
beled data from the real world (i.e. the target domain), that systems can collect relatively
inexpensively. This is an advantage over simulation, where discrepancies between the
source domain (simulated data) and the target domain (real-world data) will cause per-
formance degradation. However, self-supervised learning is challenging because of the
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increased complexity compared to supervised learning: Self-supervised (proxy-) tasks
need to be meaningful and beneficial to the actual optimization goal. The task, model
capability and losses must be carefully designed and balanced, otherwise no meaningful
representation can be learned by the network. In this thesis, we introduce a new state-of-
the-art method for self-supervised LiDAR scene flow estimation and motion segmentation.
Two distinct phenomena create observable scene flow from a sensor’s perspective: The
first is the sensor’s ego-motion, the second is moving objects in the scene. Existing meth-
ods only recognize this fact, but we leverage it to create a self-supervised training signal
for motion segmentation. This in turn improves the estimated scene flow, demonstrating
the mutual benefit of simultaneous motion segmentation and scene flow estimation.

Finally, we use the motion cues contained in the LiDAR scene flow to develop a
framework for self-supervised LiDAR object detection. We achieve this by introducing
a novel self-supervised self-training framework: The self-supervised 3D scene flow is
used to generate initial pseudo ground truth for the object detection task, and with the
help of our novel self-supervised trajectory-regularized self-training framework, we are
able to train state-of-the-art single-frame 3D object detection networks without using any
human annotations. In extensive experiments, we demonstrate that our self-supervised
framework outperforms other self-supervised methods. Furthermore, despite the fact that
the self-supervised LiDAR scene flow is used for bootstrapping the pseudo ground truth,
we show that the final object detector generalizes to all relevant movable objects.

1.3 Thesis Outline

Chapter 2 gives an introduction over the technical fundamentals required to follow this
thesis, conveying a basic understanding for the topics touched. Then, Chapter 3 reviews
the related work in the field of LiDAR simulation and self-supervised learning in the
context of LiDAR scene flow and object detection. Chapter 4 presents the development of
a physically-based LiDAR simulation model for training and evaluation of LiDAR object
detection networks. Chapter 5 introduces our novel method for self-supervised LiDAR
scene flow estimation and motion segmentation. The insights from this chapter are used to
create a framework for self-supervised LiDAR object detection in the following Chapter 6.
The thesis is concluded in Chapter 7, including a discussion and suggestions for future
work.






2 Background

This chapter provides an overview of the background knowledge required to understand
the work presented in this thesis.

2.1 Time-of-Flight: Working Principle of LiDAR

Compared to other light-based sensors such as cameras, Light Detection and Ranging
(LiDAR) sensors have a completely different working principle. Cameras use passive,
light sensitive sensors, i.e. they measure light emitted by an external light source (such
as the sun or a flash), that is reflected from a target and then focused by lenses onto a
light-sensitive sensor plane. The exposure of a pixel is continuous w.r.t. the power of the
light that arrives at the sensor, i.e. the darker the scenery, the more underexposed the pixel
will be. The stronger an object reflects the surrounding light into the camera, the brighter
the resulting pixels will be in the image. For individual pixel values, color and brightness
of the object is measured, but no direct distance information is available.

LiDAR sensors on the other hand are active sensors, providing their own light source
via Light Amplification by Stimulated Emission of Radiation (laser) technology. A laser
is a device that emits coherent light, i.e. light with a single wavelength (monochromatic),
and a single phase. Energy is introduced into the laser material to “pump” up electrons
to a higher energy level, a process referred to as electrical pumping. When the excited
electrons fall back down to their normal energy level, they release electromagnetic waves
with a single wavelength and synchronized phase, i.e. laser light. For further information
on lasers, see the excellent foundational book by Vogel et al. [Vog12].

To conduct a measurement, a laser pulse is fired towards a potential target. Provided
the target is close enough and reflective enough, the LiDAR receptor can detect the
returning/reflected laser pulse by means of a photo diode. The time of flight At of the laser
pulse is recorded and the distance of the sensor to the target (range R) computed using the
speed of light ¢, see Eq. (2.1) and Fig. 2.1.

_Atc
2

This sensor technology is thus usually referred to as time-of-flight sensing.

In addition to the range R, the strength of the reflected laser pulse is also measured,
most often referred to as intensity. The strength and shape of the echoing pulse is heavily
influenced by material properties of the target, as well as angle of incidence of the
incoming/returning laser pulse. Generally speaking, the darker the color of a target, the less
reflected energy there will be in the returned pulse. When the reflected laser pulse is too

R 2.1)
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Figure 2.1: Time-of-flight measurement principle of LiDAR sensors: The travel time At of
the laser pulse is measured, and the range R to the target is calculated using the speed of
light c.

weak to be detected by the receiver, the sensor returns range R = oo, i.e. the measurement
is unsuccessful and thus invalid. For further information of target geometry and color
on the measurement, see [BM 18] or Section 4.2. This measurement process is repeated
for many vertically stacked lasers, many times per second, usually while the sensor is
rotating at 10 Hz to 20 Hz around its up-axis, resulting in a constant stream of reflected
points being picked up by the sensor. While there exist LIDAR sensors which move the
laser around by other means than rotation (i.e. flash LiDAR, or microelectromechanical
systems (MEMS) LiDAR with snake pattern), they are not as common as the rotating ones
used in the most popular AD datasets, such as the KITTI dataset [GL.U12b], nuScenes
[Cae+20], WOD [Sun+20] or AV2 [Wil+21] datasets, which are used in this work.

The measured range R, in combination with the elevation angle 6 (which can be
obtained through the intrinsic calibration parameters of the sensor) and azimuth angle ¢
(the measured rotation angle of the sensor), can be converted to Cartesian coordinates,
allowing the laser to create a sparse 3D representation of its surroundings, with a much
wider Field Of View (FOV) than regular cameras. One 360° sweep of accumulated points
is often referred to as point cloud, cf. Fig. 2.2.

2.2 Point Clouds and Range Images

A point cloud is a set of points in 3D space: P = {p;,i € {0,...,N — 1}}. Each point
consists of coordinates p; = (x,y,z)”. Sometimes, a point cloud is also described in a
matrix form, where each row represents a point, and the columns represent the coordinates
of the points: P € RV*3 p;, ¢ R?,i € {0,...,N — 1}.

An alternative representation of a point cloud is the so-called range image, where the
range R is stored in a 2D grid from the perspective of the sensor, i.e. the measured range
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values are stored in a grid, with the location in the grid being determined by the azimuth
and elevation angles of each measurement, cf. Fig. 2.3.

(a) A point cloud (colored by intensity) with its corresponding camera image from the KITTI

dataset.

I TN

0.0 0.2 0.4 0.6 0.8 1.0

(b) Color mapping for normalized scalar values, used for intensity above.

Figure 2.2: Points are colored by their intensity (colormap at the bottom). Blue is low
intensity, red is high intensity, with green and yellow in between.

However, as the sensor is usually moving with the ego-vehicle and recording a continu-
ous stream of points due to its rotation, the origin of the measurement coordinate system is
shifting over time, resulting in a slightly motion-distorted point cloud. For static elements
(w.r.t. the world), this effect can be corrected using ego-motion information, which can be
estimated using Simultaneous Localization and Mapping (SLAM) algorithms, LiDAR
odometry or Global Positioning System (GPS)/Inertial Measurement Unit (IMU) data.
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(a) KITTI dataset: Camera image and LiDAR range image.
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(b) Color mapping for normalized scalar values, used above for range.

Figure 2.3: Black pixels in the range image indicate missing measurements. The range
image is generated from the LiDAR point cloud using [Tri+20], clipped at 50m and
normalized, while vertical resolution is increased eightfold for better visualization. The
FOV of the forward-facing camera is marked in blue in the two domains for better visual
orientation. Note the difference in FOV between the camera (=~90°) and the LiDAR sensor
360°.

2.3 Lidar Scene Flow

Scene Flow refers to the three-dimensional “vector/displacement field” of points between
two consecutive point clouds. It is closely related to optical flow, which deals with
two-dimensional pixel displacement between two consecutive images.

Given two consecutive point clouds P, € RV*3, p; ¢ R3,i € {0,....N—1} and P, | €
RM>3 scene flow represents the 3D displacement vector f; for each point i in the first point
cloud P to its corresponding location in the second point cloud P; 4 w.r.t. the observing
sensor frame. Note that there are no one-to-one correspondences between the points in the
two point clouds (i.e. p; +f; ¢ P,+1) since both point clouds are sparse, unordered and in
most cases contain different numbers of points, see also Fig. 2.4. This makes the scene
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flow estimation problem challenging. The full scene flow for two point clouds going from
one point cloud 7, to the next P, is represented as a set of 3D vectors F € RV*3, where
ficR3,ie {0,...,N — 1}. F contains valuable information about the movement of points
and the sensor and can thus help to understand the dynamics of a scene, as can be seen in
Fig. 2.5.

Pt o o) : Py
o o :
© :
Fiotr1
I 4+ 1 I : I
Sensor : : Sensor o : Sensor A
; : Pii1 OOO O . Pria
Actual motion Observed point clouds Scene flow

Figure 2.4: 3D Scene Flow: A sensor records two consecutive point clouds P; and
Pi11. Between the recording of the two point clouds, targets in the scene move relative
to the sensor due to their own motion or the sensors ego-motion or a combination
thereof. Since the recorded point clouds are sparse, unordered and do not have one-to-
one correspondences over time, the goal of 3D scene flow estimation is to predict the
3D displacement vector £ for each point in the first point cloud Py to its corresponding
location in the second point cloud Pry1: Fiir1 = {f; € R3,i € {0,...,N — 1}}. This
means, that there might not be a measured point at the estimated scene flow target
location p; = p; + £ & P41

2.3.1 Kabsch Algorithm

The Kabsch algorithm [Kab76] can be used to obtain the optimal similarity transformation
that brings two corresponding lists of points as close together as possible. Given two point
clouds P € RV*3 and Q € RV*3 with corresponding points p; and q; each, it minimizes
the mean squared error

AR.ts) =Y [lq—sRp; — t|” (2.2)

to find the optimal rotation matrix R, translation vector t and scaling factor s. In the
context of perfectly estimated scene flow, two consecutively recorded point clouds P; and
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Figure 2.5: A point cloud with its corresponding LiDAR scene flow from the KITTI dataset.
Ego vehicle is standing still, and the LiDAR scene flow is dominated by the forward motion
of the cars (traffic is flowing towards the right in the image). The points are colored by
the magnitude and orientation of the scene flow vector given the color wheel in the upper
left corner.

P;+1 do not have correspondences. On top of this, points in the first point cloud shifted by
their scene flow are not present in the second point cloud, i.e. p; +f; ¢ P, ;. However, we
can create an artificial consecutive point cloud Q with known correspondences, by simply
shifting the first point cloud P, by the estimated scene flow F towards the second point
cloud, i.e. q; = p; +f;, circumventing the correspondence problem. For LiDAR point
clouds, we can further assume scaling factor s = 1, and apply the Kabsch algorithm to
find the optimal rigid body transformation T that minimizes the root mean squared error
between two point clouds:

T— (1; I) T € R¥™ T € SE(3) 2.3)

Most scenes are dominated by static background objects, and only a few objects are
moving. Scene flow of the points falling on these static objects is caused by the ego-motion
of the sensor, i.e. the majority of points in the scene will have scene flow that corresponds
to the rigid body motion of the sensor between the two point clouds:

()= (1) =) =r () - ()= fh). o

Each corresponding pair of points can be weighted by a weight w; > 0, w =Y, w;.
To compute the sensor ego-motion, the weight would be w; = 0 for points belonging to

10
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dynamic objects, and w; = 1 for objects that belong to the static background. Here, f;
represents the scene flow estimated by a network:

AN |12
T = argmin ¥ wi||(T—1) (P7) - (& 2.5)
T 4x4 1 O
eR picP;
The solution for the translation is the mean flow
.~ 1 .
t=— ifi. 2.6
" Z;,w (2.6)
Inserting this into the original optimization goal (2.5) we get
N ) A a2
R = argmin Z wi HRp,- — (pi+ti—t) H 2.7)
R€R3X3 pl‘GPI
The Kabsch algorithm solves this via the cross-covariance matrix H € R3*3
; 1 ~ A .
) _ () () k) 2(k)
HU® = ;;w,-p/ (o717 -1") 2.8)

(written here in component notation). Then, singular value decomposition (SVD) is
applied to the covariance matrix H:

H=UxV’, (2.9)

where U and V are orthogonal, and X is diagonal. The rotation can then be calculated
via

R=V U’ (2.10)

S O =
o == O
_UL O O

using d = sign(det(VUT)) as correction value.
The resulting transform T is differentiable w.r.t. the weights and scene flow.

2.3.2 Metrics

Average Endpoint Error (AEE) is the most commonly used metric used to evaluate
the performance of scene flow algorithms. It measures the average Euclidean distance
(Endpoint Error (EE)) between estimated 3D motion vector f; and the ground truth flow
vector fy ; for each point p; in a point cloud P; € RN*3_ The ground truth flow vectors
are either part of a dataset (see also Section 2.8) or can be obtained by combining the
ego-motion of the sensor with the tracked motion of the objects in the scene.

1 1
AEE:N;EEi:ﬁngﬁfﬁgtHz (2.11)

11
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Since most scenes in AD datasets are dominated by static background, AEE is often
reported separately for static and moving objects, since correct scene flow estimation is
more challenging and important for moving objects.

Similarly, the relative error (RE) is defined as the ratio of the EE and the ground truth
motion vector length:
BE, [ fials

l Hfi,gtHz ‘ft}gtHz
Multiple inlier and outlier statistics based on RE and EE are established in the commu-
nity of scene flow estimation [LQG19; Gu+19; PBM20; Wan+20c]:
Strict Accuracy (AccS) is the fraction of all points where EE < 0.05m or RE < 0.05.
Robust Accuracy (AccR) is the fraction of all points where EE < 0.1 m or RE < 0.1.
Outliers (Outl) are the fraction of all points where EE > 0.3m or RE > 0.1.

RE (2.12)

2.4 LiDAR 3D Object Detection

For a given LiDAR point cloud, the 3D object detection task refers to predicting 3D
upright oriented boxes for traffic participants (vehicles, cyclists, pedestrians), see Fig. 2.6.
In some datasets, traffic signs and traffic lights are also considered as objects.

Figure 2.6: LiDAR Object Detection, same point cloud from two different angles, ground
truth boxes in red for reference, points colored according to intensity.

A set of 3D bounding boxes B at time ¢ is usually represented as:
Bt:{B’j,jEN}:{(x,y,z,l,w,h,Q,c)j} (2.13)

Here, (x,y,z) refers to the center position, (/,w,h) to the length, width and height of the
box, and 6 to the heading (orientation around up axis) of the box. ¢ is a vector representing
the estimated (possibly unnormalized) class probability distribution for each box by the
network, i.e. the estimated confidence values. For ground-truth boxes, the confidence
vector ¢ is a one-hot vector, i.e. only one class has a confidence of 1, all others have
confidence 0.

To measure the performance of object detectors, the task is formulated as a classification
problem and evaluated using classification metrics. The performance is then measured

12
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over a validation/test split of the respective dataset. Firstly, predictions are thresholded
by their predicted confidence, those with lower confidence than the confidence threshold
are discarded. A detection is considered to be correct (i.e. true), when a certain matching
criterion (2D Intersection over Union (IoU), 3D IoU or center distance) is better than a
certain matching threshold for a predicted and a ground truth box. TP refers to the number
of true positive detections, FP to the number of false positive detections (Type 1 Error),
FN to the number of false negative detections (Type 2 Error).

Precision is the ratio of correct predictions by the model in relation to all predictions
made by the model for a specific confidence threshold and matching threshold.

TP

(2.14)
TP +FP

Precision =

Recall is the ratio of correct predictions by the model in relation to all objects present
in the ground truth for a specific confidence threshold and matching threshold.

TP
Recall = TPTFN (2.15)
A single value for TPs, FPs, FNs and thus Precision and Recall always corresponds to a
single confidence and matching threshold.

When the matching threshold is kept fixed, varying the confidence threshold can then
be used to create the characteristic Precision-Recall curve. The main metric to measure
object detection performance is Average Precision (AP), which equates to the area under
the Precision-Recall curve.

1
AP = /0 max{p(r)|r > r}dr, (2.16)

where p(r) is the Precision-Recall curve over varying confidence thresholds. In prac-
tice, the metric samples a fixed number of score thresholds over the range of predicted
confidence scores, and thus approximates the Precision-Recall curve. Usually, AP is
stated in combination with the matching threshold used and the relevant class, like so:
AP(@0.5IoU3D,Car) = 0.56. To arrive at a single metric to compare models capable of
distinguishing different object classes (i.e. cars, pedestrians, ...) the AP score is often
averaged over all N number of classes in the dataset and then referred to as Mean Average
Precision (mAP)

1 N
mAP = 5 ;AP,- . (2.17)

2.5 Unsupervised Learning

Unsupervised learning targets learning from data without using human annotations, learn-
ing only from the inherent structure of the data. This is in contrast to supervised learning,

13
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which requires availability of explicitly annotated (labeled) data. Unsupervised learning
can be helpful to gather knowledge about unknown data which has no labels and to
find inherent structure and patterns in the data. It includes many different techniques,
such as clustering, dimensionality reduction, anomaly detection or generative modeling.
Clustering algorithms like DBSCAN [Est+96] group data points based on proximity,
revealing groups in the data. For instance, clustering can segment customers with sim-
ilar purchasing behaviors in a retail database, while image segmentation methods can
identify regions with similar pixel characteristics in images, which is for example useful
for image analysis. Dimensionality reduction methods, such as Principal Component
Analysis (PCA) [FRSO1] reduce the number of dimensions of data points in a dataset
while preserving its essential structure, for easier visualization and analysis. Another
dimensionality reduction technique are autoencoders [HS06], which learn to efficiently
encode and reconstruct data. On the one hand, the learned representations can be used for
further machine learning tasks, such as classification. On the other hand, autoencoders
can also be used for Anomaly detection, where a high reconstruction error (comparing
the encoded and reconstructed data to the input) indicates unusual or previously unseen
data points. Generative Models are designed to generate novel, but plausible data points
by capturing the underlying data distribution of a training set. This can be for example
achieved via an adversarial setup (cf. Generative Adversarial Network (GAN) [Goo+14])
or a learned denoising process (cf. Diffusion Models [HJA20]).

The distinction between unsupervised learning and self-supervised learning, which will
be discussed in the next section, is often blurred. For further information on unsupervised
learning, see [Car+20; Che+24].

2.6 Self-Supervised Learning

Self-supervised learning is a subfield in the area of unsupervised learning.

It is a method where the supervisory signal for a model and task are generated from
the data itself, instead of relying on manual (human) annotations. To this end, inherent
structures of data and the world can be leveraged, such as temporal consistency, e.g.
by predicting the next frame in a video [SMS15; LKC17]. Characteristic relationships
inside the data can also be used as supervision signal, like when training a network to
colorize grayscale images or videos [CYS15; ZIE16]. In most cases, the goal of self-
supervised learning is to force the model to learn meaningful representations of the
data. By fine-tuning the pre-trained model on very little labeled data, the model can
then be used for a variety of downstream tasks. Beyond the obvious benefit of cost
reduction, self-supervised learning does not suffer from label corruption to the same
extent as its supervised counterpart [Hen+19]. But self-supervised learning also comes
with drawbacks: Generally speaking, self-supervised learning is much more complex
than supervised learning, as it involves pretext and/or auxiliary tasks that require their
own losses and hyperparameters, which need to understood and tuned. Furthermore, it is
computationally more expensive, as it requires more data and more training time as the
supervisory signal is usually weaker than for supervised learning.

14
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In many cases, self-supervision can serve as a form of pre-training. For example in
natural language processing, a popular pre-training objective is to predict the next word in
a text, given the previous words. This forces the model to learn about the inherent structure,
grammar and relationships in language and between words and sentences without the
need for any labeled data beyond sensible text, as the data serves as its own supervision
[SVLI14; Rad+18; Dev+19]. The pre-trained model can then be fine-tuned and used for a
variety of downstream tasks such as summarizing texts or translating between languages
to only name a few.

2.7 Self Training

Self training is a sub-discipline of semi-supervised learning which can be used when
only a small fraction of the dataset has (manual) annotations available. In the beginning
(sometimes referred to as bootstrapping phase), a model is trained on the small fraction of
the dataset for which annotations are available. This model is then utilized to generate
pseudo ground truth for part of the unlabeled data, by thresholding the models’ predictions
with a certain confidence threshold. Alternatively, a fixed proportion of the most confident
predictions is used as new pseudo ground truth. These pseudo ground truth examples are
then added to the training data, and a new classifier is trained on the updated training set.
This process is repeated until the model converges. The challenge with self training is to
minimize the influence of label noise on the training. Naturally, classifiers make mistakes,
and these mistakes are propagated as pseudo ground truth to the next iteration of the
training, which degrades model performance. This challenge can be partially addressed
by self-ensembling, i.e. keeping running averages of predicted pseudo ground truth over
the entire training dataset at different stages of the training, and then filtering labels based
on the agreement of predictions and pseudo ground truth from the training set [Ngu+20].
In summary, self training is a highly data-efficient method to obtain models with usable
performance. By iteratively improving the training set, models significantly outperform
those trained solely on the small annotated part of the dataset. For further information on
self training there exists an excellent survey on self training by Amini et al. [Ami+22].

2.8 Datasets for AD

In this work, we use multiple datasets, for which we give a brief overview and comparison
in the following and Table 2.1. We focus only on datasets that contain LiDAR data,
are (at least partly) annotated with 3D bounding boxes, and have precise vehicle ego-
motion (through fused GPS and IMU) available. Track IDs for the 3D bounding boxes
in combination with ego-motion allows us to generate ground truth LiDAR scene flow,
which we need to evaluate our methods in Chapter 5.
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KITTI[GLUI12b] nuScenes[Cae+20] WOD[Sun+20] AV2[Wil+21]

Scenes 156 1000 1150 1000
Annotated Lidar Frames 15k 40k 230k 300k
Hours 1.5 5.5 6.4 8.3
3D Boxes 80k 1.4M 12M 10M*
Lidars 1 1 5 2
Cameras 4 6 5 9
Avg. Points/point cloud 120k 34k 177k 107k
Maps No Yes No Yes
Cities 1 2 3 6

Table 2.1: Comparison of popular AD datasets. *: Excluding test set.

2.8.1 KITTI

The KITTI dataset [GLU12b] is one of the earliest datasets for AD research. It contains
a variety of sensor data, such as LiDAR, multiple cameras, GPS and IMU data. The
dataset consists of multiple categories, such as object detection, object tracking, odometry
and stereo scene flow. All data has been recorded in and around the city of Karlsruhe,
Germany. The LiDAR data is recorded using a Velodyne LiDAR sensor type “HDL64”
(HDL64) sensor, which is a 64-layer LiDAR sensor. While some parts of the dataset have
been annotated by humans (in the forward-facing camera FOV), a large part of the dataset
has not been annotated and is therefore ideally suited for self-supervised learning.

2.8.2 nuScenes

The nuScenes dataset [Cae+20] has been recorded more recently in 2018, containing a
large amount of sensor data, such as LiDAR, camera, GPS and IMU data. The dataset has
been recorded in Boston and Singapore, and features a large amount of annotated data
(object bounding boxes have been annotated at 2 Hz), as well as basic map data of the
environment. The LiDAR data is recorded using a Velodyne VLP32C LiDAR sensor with
32 layers, rotating at 20 Hz. It features full 360° coverage in terms of cameras. In total,
1000 scenes have been recorded, each spanning around 20 seconds.

2.8.3 Waymo Open Dataset(WOD)

The WOD dataset [Sun+20] is a large-scale dataset for LiDAR object detection, motion
prediction, 3D semantic segmentation, and occupancy and flow prediction. It is recorded
in multiple cities in the US. It has been recorded using five proprietary LiDAR sensors
and consists of 1150 scenes spanning around 20 seconds each. One long range LiDAR
sensor is mounted on the roof of the vehicle with a 360° FOV, and four additional short
range sensors have been mounted at the corners of the vehicle. The range of the LIDAR
data has been restricted to 75 m, but in contrast to the other datasets, the first two returns
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of each laser pulse are provided. Beyond reporting the mere coordinates and intensity of
the LiDAR measurements, they also provide elongation for each LiDAR measurement,
i.e. the elongation of the laser pulse relative to its nominal duration.

2.8.4 Argoverse 2(AV2)

The AV2 dataset [Wil+21] is a large-scale dataset for AD research. It has been recorded
in multiple cities in the US, using two stacked Velodyne VLP32C LiDAR sensors with
64 layers combined, rotating at 20 Hz each, synchronized to point in opposite directions
at all times. In addition to that, seven ring cameras, and two stereo cameras, along with
high precision GPS and IMU data have been recorded. It consists of 1,000 thirty-second
sequences.
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3 Related Work

As this thesis touches on the topics of LiDAR simulation, self-supervised scene flow,
and self-supervised LiDAR object detection, we provide an overview of related work in
these fields. We begin by discussing the current state of LiDAR simulation in Section 3.1.
In Section 3.2, we discuss the state-of-the-art in scene flow and motion segmentation,
specifically in the context of self-supervised learning. Finally, in Section 3.3, we give an
overview over the state-of-the-art self-supervised LiDAR object detection.

3.1 LiDAR Simulation

A good general overview of the overall state of simulation (and by extent synthetic
datasets) in the automotive domain can be found in [Kau+21; Son+24]. In the image
domain, an abundance of research has been conducted in order to synthesize photorealistic
images using Computer Graphics and DL [Su+15; Dos+15a; PJH16; Ros+16; Hof+18;
Lee+19]. Not as much research has been conducted into the simulation of realistic LIDAR
point clouds, which we discuss in the following.

3.1.1 Conventional Model-based LiDAR Simulation

Currently, there exist mainly two types of LiDAR simulators: The first is aerial LIDAR
simulators, which are aimed at simulating airborne LiDAR systems used to map large areas
for geo-scientific purposes, and the second is AD LiDAR simulators, which are aimed
at simulating AD scenarios. The main difference between these two types of simulators
is the scale of the simulated environment and more importantly the technology used in
these LiIDAR systems. Generally speaking, aerial LIDAR systems are more advanced and
have a much larger range than automotive LiDAR systems, as they are not as limited in
terms of size and power consumption. Furthermore, in contrast to automotive LiDAR,
aerial LiDAR data is often analyzed only post-flight, allowing the recording and usage of
higher-fidelity signals (full waveform).

Aerial LiDAR Simulation Aerial LiDAR simulators such as [BH16; Kim19] are aimed
at simulating airborne LiDAR systems for geo-science applications. While these LiDAR
models are useful for finding flight parameters for geo-scientific mapping experiments,
their applicability for autonomous driving is limited. The modeled large scale aerial
LiDAR systems use technologies that are not available in automotive LiDAR sensors,
such as full waveform (i.e. continuous detailed) recording of the returned LiDAR pulse
for example, which can be many meters in diameter.
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AD LiDAR Simulation is aimed at simulating AD scenarios for the purpose of training
and validating AD systems. While many of them provide assets, scenarios and multi-agent
simulation support, many of these do not have realistic LIDAR models [KH04; Sha+17;
Lab19]. They provide the user with unrealistic (i.e. perfect and unbounded) range values
or “only” purely random failed measurements. This contrasts heavily with real LiDAR
systems, as the maximum detection range for a LiDAR system is finite and limited by the
laser, material properties of the target, angles of incidence of the laser beam and weather
effects. Unbounded measurement range leads to unrealistic detection performances, giving
these simulators limited use for either validation and testing or data collection for training
purposes due to the domain gap between simulation and reality.

Other frameworks such as Microsoft Airsim [Sha+17], or LGSVL [Lab19] are more
focused on image-based methods, but provide many different assets like scenarios and
different actors in their simulation frameworks. However, their LIDAR models neither
model rolling shutter, which is characteristic for many LiDAR sensors, nor do they possess
any measurement noise model for either intensities of returns, missing returns or measured
ranges. The rolling shutter effect (i.e. movement of the sensor and its measurement during
a sweep) introduces distortion and latency into the measurement procedure. Taking this
latency into account is crucial at high speeds, as both the ego vehicle and vehicles coming
towards the ego vehicle can move a significant distance during the measurement.

Hurl et al. [HCW 19] introduced a LiDAR simulator integrated into the popular video
game GTA V. However, its field of view is limited to 45°, it also does not possess a rolling
shutter feature, and it possesses unrealistic infinite range. Both [Sun+22] and [Xu+22] are
large-scale multi-modal synthetic datasets providing cameras, LiDAR, GPS, IMU and
RADAR data. However, they both are static datasets, with fixed sensor models, which
do not allow for the simulation of different sensor models or different sensor parameters.
Furthermore, they ignore specific measurement- and noise characteristics of the extracted
LiDAR point clouds and focus on the comparison of fusion strategies for AD.

Gschwandtner et al. [Gsc+11] were the first to introduce a LiIDAR simulation model
called Blender Sensor Simulation Toolbox (BlenSor) that models the noise affecting the
range measurement. Of all available models, it is the most realistic LIDAR simulation
in terms of physics: Besides Gaussian range noise, it also incorporates rolling shutter
effect, plus it models the visibility of objects based on range and target color, see Fig. 3.1.
However, their visibility model is not based on radiometry, but on a simple visibility model
based on the range to the target and the reflectivity r of the target extrapolated from the
two data points provided in the operating manual of the sensor: djgwer = S0m, ripwer = 0.1
for pavement and dypper = 120m, rypper = 0.8 for cars and foliage (here, d represents
range to target and r the target reflectivity), cf. the sensor datasheet [Vel13] and Fig. 3.1.

Its range noise model assumes a Gaussian distribution for the range noise, ignoring the
influence of the actual range to the target and other target properties. For example, Craig
et al. [GL10] discovered a strong dependence of range errors on the angle of incidence.
We improve over the mere assumption of applying Gaussian noise to measurements by
deriving a LiDAR model based on radiometry. Also, while BlenSor only simulates noise
on the measured range to an object, we simulate noise also in the equally important
visibility aspect. We argue that overlooking objects due to missing detections is at least as
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Figure 3.1: Image extracted from [Gscl3]. Visibility model as used by BlenSor, based
on the two data points provided in the operating manual of the sensor: djyyer = S0m,
Tower = 0.1 and dypper = 120 m, rypper = 0.8, see [Vell3]. In practice, material reflectivity
is assumed to be equal to the averaged RGB values of the target in the simulator.

important as realistic measurement noise properties.

3.1.2 Sim2Real Domain Adaption & Data-driven, Generative
Simulation

More recently, Sallab et al. [Sal+19] suggest using GAN to perform style transfer of
rasterized top view images of point clouds between the KITTI dataset [GL.U12a] and the
CARLA simulator. However, they only apply style transfer on Bird’s Eye View (BEV)
images between the domains, and not of point clouds, making them unusable for LiDAR
simulation.

More recently, Nakashima et al. [NK21; NIK23] proposed a GAN-based approach to
simulate LiDAR point clouds based on range images. Unfortunately, before the GAN is
trained, the range images are downsampled to 25% of their original horizontal resolution,
which is a significant reduction of the point clouds and limits the applicability of the
model to real world scenarios. Furthermore, it is not possible to control the contents of
the generated range images in any way, limiting the methods’ applicability for simulation.

Guillard et al. [Gui+22] only simulate raydrops and intensity based on camera images,
but not the actual range measurement. Using a Convolutional Neural Network (CNN),
they learn a mapping from RGB images to LiDAR intensity and raydrops on real-world
data. Then, the learned model is used to generate LiDAR intensity and raydrops from
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synthetic RGB images. It is unclear what the influence of the domain gap from real RGB
images to simulated RGB images is on the predicted intensities and ray drops.

Another approach is [Man+20], who sample from a large database of accumulated
multi-frame object point clouds and environments previously recorded with LiDAR. This
means that their approach does not generalize to unseen objects or arbitrary environments,
as the simulation capability is limited to previously recorded data.

Very recently, Zhang et al. [Zha+24] proposed to use a Neural Radiance Field (NeRF)-
approach to re-simulate AD scenarios with realistic LIDAR point clouds. However, their
approach is not generalizable to new scenarios, as each new scenario requires a new
training of the NeRF model. This makes their approach computationally very expensive.
Tonderski et al. [Ton+24] address the problem of long training times through a more
efficient sampling strategy and a more streamlined network architecture compared to prior
work, but assume completely rigid objects, not allowing full control over actor states.
Furthermore, while the NeRF-based approaches produce realistic-looking point clouds,
they are not interpretable, as the underlying NeRF model is essentially a black box. Like
[Man+20], NeRF-based approaches do not generalize to previously unseen objects or
arbitrary environments for which no prerecorded data is available.

3.2 Scene Flow and Motion Segmentation

This section has been previously published in S. A. Baur, D. J. Emmerichs, F. Moosmann,
P. Pinggera, B. Ommer, and A. Geiger. “SLIM: Self-Supervised LiDAR Scene Flow
and Motion Segmentation”. In: 2021 IEEE/CVF International Conference on Computer
Vision, ICCV 2021, Montreal, QC, Canada, October 10-17, 2021. 1EEE, 2021, pp. 13106—
13116. DOI: 10.1109/ICCV48922.2021.01288. URL: https://doi.org/10.1109/
ICCV48922.2021.01288 [Bau+21].

The term scene flow was first introduced by Vedula et al. [Ved+99]. Traditionally, it
is estimated using stereo cameras [CK02; PKF05; HD0O7; Wed+08; MHG15; VSR15;
Jai+15; NFS15], and has successfully been applied to other domains such as RGB-D
sensors [Sha+18].

3.2.1 Motion Segmentation

While there exists a group of methods layering optical flow into consistent groups, they
cannot be easily transferred to point clouds as they make heavy use of color information
and brightness constancy assumptions [SB12; WB14; SSP15]. Research for scene flow
and motion segmentation on range images started with hand-crafted features and matching,
see [MF10]. In this work, however, we focus on scene flow estimation in the point cloud
domain, which provides its own challenges such as sparse data as well as the absence of
well-established representations. Within recent years, the focus shifted towards learning-
based methods, as discussed next.
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3.2 Scene Flow and Motion Segmentation

3.2.2 Supervised Point-Cloud-Based Scene Flow

For many years, research in the area of point-cloud-based scene flow estimation fo-
cused on supervised learning methods. Most approaches relied on synthetic datasets
[Gu+19; LQG19; LYB19; Wan+20c; Wei+20; PBM20; Wan+20a] or non-public datasets
[Wan+18a] for training. Behl et al. [Beh+19a] started to use the real-world KITTI Track-
ing dataset, but it is only densely annotated in the camera FOV. Gojcic et al. [Goj+21]
lessened the requirement on annotated data by using weak supervision through odom-
etry and foreground-background segmentation to train their network for simultaneous
motion segmentation and scene flow estimation, allowing them to use the SemanticKITTI
[Beh+19b] dataset to train their approach.

3.2.3 Self-Supervised Learning

The dependence on costly annotated data can be overcome by self-supervised learning. It
has been successfully applied to train networks on images to predict optical flow, stereo
flow, depth (or a combination thereof) [BMK13; WG15; YS18; ZLH18; LTC19; CSS19;
God+19; Ran+19; WIJE19; Luo+20; HR20], and motion segmentation [Tun+17; BML18]
using geometric and temporal/cyclic consistency losses. Self-supervised learning on point
clouds, however, is a young field where in most cases self-supervision has also been used
to pre-train a network on a proxy-task and to reuse or fine-tune the weights for the actual
task using supervision [HH19; SS19; Xie+20; Pou+20; TAG20; Zha+21]. For a more
general and broader introduction to self-supervised learning, we refer the interested reader
to the excellent survey by Balestriero et al. [Bal+23].

Image-based Self-Supervised Learning

In Computer Vision, FlowNet [Dos+15b] paved the way for deep learning based optical
flow estimation. However, it required a large amount of labeled data for training, and
dense optical flow is a challenging and labor-intensive task to annotate for humans.
Instead, FlowNet relied on a large synthetic dataset for training, leading to the usual
challenges with the domain gap between training and test data. Based on FlowNet, Yu
et al. [YHD16] proposed a method for unsupervised learning of optical flow based on
photometric constancy assumption using only real-world consecutive camera images.
Basically, they formulated a loss that penalizes the difference between the intensity of
a pixel in one image and the intensity of the corresponding pixel in the next image,
differentiably warped by the predicted optical flow, in combination with a smoothness
assumption of the predicted optical flow field, used as regularization. This method was
able to achieve state-of-the-art results on the KITTI dataset [GLU12b]. This marked the
beginning of a new era in optical flow estimation, where self-supervised learning became
the new standard for training optical flow networks [Ren+17; Wan+18b; Jan+18; Liu+19].
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Self-Supervised Scene Flow on Point Clouds

Recently, there has been some research into self-supervised scene flow estimation on
point clouds, but all of these works have various shortcomings.

Point Cloud Size Many architectures are based on graphs [Tis+20; PHL20], Point-
Net/FlowNet3D [Qi+17; MOH20] or layouts with coarse global all-to-all correlations
combined with finer local correlations [KER20]. In order to cope with exploding memory
requirements during training, they rely on random downsampling of their input point
clouds, in many cases also during inference. Mittal et al. [MOH?20] subsample to 2,048
points, others [Wu+20; KER20; PHL20; Tis+20] downsample to 8,192 points. These
methods perform well on point cloud data gathered from stereo cameras or RGB-D data
sources with little sparsity, such as KITTI-SF [MHG18] or FT3D [May+16]. In compari-
son, LiDAR sensors cover much larger areas than stereo rigs but at a much lower point
density. Regular LiDAR sensors measure upwards of 100k 3D points in each frame. We
are able to process much more points than previous works. This gives our architecture
(presented in Chapter 5) an advantage over existing methods, as it can leverage arbitrary
point densities during both training and inference.

Correspondence Assumption Another serious drawback in current methods (at the
time of publication) was discovered by Zuanazzi et al. [Zua+20]: They note that [Wu+20]
and [MOH?20] train (and evaluate) on point clouds with a 1-to-1 correspondence

pEtH) = pl@ +1;, the KITTI-SF and FT3D dataset. Furthermore, they show in experiments
heavily degrading performance when points are shuffled and sampled in an effort to destroy
the correspondences prior to training/inference. Real-world measurements from LiDAR
sensors do not abide by the correspondence assumption, as the scene is sampled for each
time step, and a bijective mapping between point clouds does not exist.

Robustness to Outliers Since flow vectors on static points all derive from the same
sensor motion, Tishchenko et al. [Tis+20] introduced a two-stage-network: The first stage,
a pose regression network, estimates ego-motion and transforms the source point cloud.
The second stage subsequently estimates flow. Although realistic data recordings contain
much more static than moving points, which should lead to good performance, they
suffer from high outlier rates on real data - even on static points. We demonstrate in our
experiments (cf. Chapter 5) a much better outlier resistance predicting dense scene flow
for all points by regressing the sensor’s ego-motion using the fully differentiable Kabsch
algorithm [Kab76].

Self-Supervised Motion Segmentation on Point Clouds

To the best of our knowledge, at the time of publication there exists only one previous
network that learns motion segmentation on point clouds using self-supervision: Thomas
et al. [Tho+20] use multiple recordings of the same environment to train a network to
identify permanently static, slow, and fast-moving objects. Our method (presented in
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Chapter 5) does not require multiple recording passes and can train on pairs of point
clouds directly.

3.3 LiDAR Object Detection

LiDAR object detection refers to the task of detecting objects in one or multiple con-
secutive point clouds. For a brief introduction into LiDAR object detection see Section 2.4.

This section has been previously published in S. A. Baur, F. Moosmann, and A. Geiger.
“LISO: Lidar-Only Self-supervised 3D Object Detection”. In: Computer Vision - ECCV
2024 - 18th European Conference, Milan, Italy, September 29-October 4, 2024, Proceed-
ings, Part LXXXVI. Ed. by A. Leonardis, E. Ricci, S. Roth, O. Russakovsky, T. Sattler, and
G. Varol. Vol. 15144. Lecture Notes in Computer Science. Springer, 2024, pp. 253-270.
DOI: 10.1007/978-3-031-73016-0\_15. URL: https://doi.org/10.1007/978-3-
031-73016-0%5C_15 [BMG24].

3.3.1 Single Frame LiDAR 3D Object Detection

Object detectors operating on 3D point clouds are an active research field. The currently
best-performing ones are using deep neural networks trained via supervised learning and
can be categorized by their internal representation: Some networks operate on points
directly like PointRCNN [SWL19], 3DSSD [Yan+20], and IA-SSD [Zha+22]. Others
project the points either to a virtual range image [Mey+19; Sun+21; Lia+21] or into a voxel
representation like VoxelNet [ZT18], PointPillars, CenterPoint [ YZK21], and Transfusion-
L [Bai+22]. However, all aforementioned methods require large human-annotated datasets
in order to perform well and obtaining such annotations is very expensive. We address this
problem in this thesis, enabling training of state-of-the-art object detectors using pseudo
ground truth.

3.3.2 Object Distilling from Motion Cues

Multiple approaches have been suggested which leverage motion cues from LiDAR
frame pairs in order to detect moving objects. Using the assumption of local geometric
constancy, they decompose dynamic scenes into separate moving entities by applying as-
rigid-as-possible optimization. Examples of these are the works by Dewan et al. [Dew+16],
RSF [DZ23] and OGC [SY?22]. The two former methods are optimization-based whereas
OGC uses these constraints as loss-function to self-supervise a segmentation network.
Although these methods avoid the need for expensive labels, in contrast to our method
they tend not to work well in low-resolution areas, they are typically slow, and can only
detect moving but not movable (i.e. static but potentially moving) objects.
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3.3.3 Pseudo Ground Truth for Object Detection

Different approaches have been proposed to mine pseudo ground truth for training object
detectors: Najibi et al. [Naj+22] and Seidenschwarz et al. [Sei+24] use motion cues similar
to Section 3.3.2 in order to distill moving objects as pseudo ground truth and use it to
train an object detector. [Naj+22] runs optimization for each frame pair to obtain LiDAR
scene flow, clusters points, fits boxes, tracks them using a Kalman Filter and finally refines
them on ICP-registered point clouds. [Sei+24] optimizes a clustering algorithm on motion
cues through message passing which they then apply to segment point clouds into a set
of instances and subsequently fit boxes. As shown in [Sei+24], and in contrast to our
approach, both methods suffer from a large performance gap between moving and movable
objects. We demonstrate that our method does not suffer from this gap.

[Har+21], [Shi+22] were the first to iteratively apply a detection, tracking, retraining
paradigm to AD data. They build upon consistency constraints between object detectors
which they train in the LiDAR and camera domain, making use of an optical flow network
which is trained using supervision. The approach requires a calibrated sensor rig with
possibly large camera coverage, IMU, and precision GPS. Similarly, [WCZ22] uses video
sequences together with LiDAR scene flow to jointly train a camera and a LiDAR object
detector. MODEST [You+22; XW23] does not require coverage by calibrated cameras,
but instead adds the additional requirement to having multiple LiDAR recordings of the
same location in order to identify objects that vanished over time. With such demanding
requirements, these approaches are not easy to use and are partially unsuited for popular
AD datasets.

Oyster [Zha+23] is the approach most similar to ours. It uses DBSCAN [Est+96] on
LiDAR point clouds to initialize pseudo ground truth. Clusters are then tracked using
forward-and-reverse tracking in sensor coordinates (i.e. without consideration for ego
motion), using a complex policy for confidence-based track retention. After training an
object detector on close range data, they employ zero-shot generalization to the far range
data, track again and iteratively retrain the detector. In their experiments they use different
hyperparameters for different datasets. Our method, in contrast, explicitly considers sensor
motion, produces much cleaner initial proposals by leveraging a self-supervised LiDAR
scene flow network, does not require zero-shot-generalization from near-to-far-field, and
works with current state-of-the-art object detectors. We show on multiple datasets that our
method outperforms [Zha+23], that it works robustly with the same set of hyperparameters
and also generalizes well to detect movable objects.
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This chapter deals with the design of a physically-based LiDAR simulation model with
realistic noise patterns that closely mimic those of real-world sensors. In Section 4.1,
we begin by motivating what makes physically-based LiDAR simulation desirable, es-
pecially compared to conventional, heuristics- or DL-based simulation methods. This is
then followed by a deeper introduction into the working principle of LiDAR sensors in
Section 4.2. In the following, Section 4.3 then introduces and derives our physically-based
LiDAR simulation model. We then discuss parameter selection for our model in Sec-
tion 4.4 and provide implementation details in Section 4.5. Beyond the visual comparison
in Section 4.6.2, we evaluate our approach in three key aspects: First by comparing
statistical properties of a real-world sensor with our simulation model in Section 4.6.3.
Secondly, we evaluate suitability of our LiDAR simulation as data-generation engine for
training of various LiDAR object detection models in Section 4.6.4. Thirdly, we evaluate
its suitability to validating real-world object detectors in staged simulation scenarios in
Section 4.6.5. The chapter is then closed by a conclusion and discussion in Section 4.7.

4.1 Introduction

The widespread realization of AD faces many challenges, one of them being that im-
provements in accuracy and performance of current supervised learning approaches scale
unfavorably w.r.t. the required size and variety of annotated datasets. Another challenge
is safety and safety-guarantees from a regulatory standpoint. It is impossible to record
and annotate data for any imaginable or unimaginable scenario that might occur in the
real world to validate AD methods for various reasons: Firstly, the costs involved are
prohibitive, and in some extreme cases, the process can be dangerous. Additionally, rare
or “long-tail” incidents occur so infrequently that capturing them is exceedingly unlikely.
Simulation can help to address these problems.

There are several benefits to using simulation compared to doing real-world testing.
The most relevant being the cost-effectiveness: Instead of having to build costly hardware
setups, parameters for the simulation can be varied cheaply, and their influence on the
system performance can be evaluated quickly: For example, parameters that would
take months or even years to change in a LiDAR sensor, such as number of lasers,
rotation frequency, laser power or FOV can be changed in seconds in simulation. In
addition to the full control over the internal model parameters, simulation also enables
testing in a controlled environment, i.e. all external parameters can be adjusted fully and
independently, allowing to simulate situations that would be too dangerous in real life
or put expensive experimental vehicles at risk. Additionally, simulation facilitates easy
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and automatic closed loop testing of changes applied to an AD stack, such as changes in
the perception, sensor fusion or behavior system, without having to do real-world testing.
This enables faster testing and development cycles, as simulators can be run in parallel for
multiple configurations compared to expensive hardware setups, which are not trivial to
duplicate. Last but not least, since the internal state of the simulator is known at all times,
it is possible to generate large amounts of labeled ground truth data, which can be used to
train DL models or to validate existing systems extensively on rare events. This can help
to ensure safe operation for rare events where a sufficient amount of data cannot possibly
be collected in the real world.

General Challenges of Simulation While simulation has many advantages over real-
world testing and data collection, it also brings with it its own challenges. Taking al-
gorithms developed in simulation and deploying them in the real world requires a high
degree of confidence in the simulation. Therefore, the simulation must be as realistic as
possible, and its limitations must be well understood and tested. While simulating traffic
scenarios, including agent behavior and lane graphs on an abstract level (i.e. without
sensor data and perception algorithms) is reasonably well understood [FV 10; Lop+18],
simulating realistic sensor data is challenging. For camera data it is possible to lever-
age photo-realistic video game engines to simulate very realistic-looking camera data,
provided the scene is well modeled. However, simulating RADAR or LiDAR remains a
challenge, since their working principle differs significantly from cameras, and thus these
modalities are not able to profit from the advancements in photo-realistic rendering made
over the last decades. At the same time, the quality (i.e. realism) of simulated sensor data
is crucial to its usefulness, as any difference between the real and simulated sensor data
will lead to different behavior in the other domain. Simulated sensors must exhibit the
same characteristics as real sensors, i.e. have the same limitations (artifacts, measurement
errors, ...).

Challenges of LiDAR Simulation A sophisticated and realistic LIDAR simulation
model needs to approximate two important LiDAR sensor characteristics: Firstly, the
visibility aspect of targets needs to be addressed, i.e. what the sensor can detect and what
it cannot detect based on range, sensor- and target properties. Secondly, a concept about
different sources of noise during the measurement process, as well as their influence on
the measured time-of-flight and ultimately the resulting noisy measured range R.
However, most existing simulators rely primarily on geometry to determine what is
visible and what is not, providing users with a “perfect” view of the world that lacks
realism. These simulators often ignore important factors such as the varying physical
interactions of different materials with light, sensor technology, and their limitations.
This means that the simulated sensor can see objects at infinite range and with infinite
measurement precision, which is not the case for real sensors. There are multiple ways
to make a simulation more realistic: One way is to add noise to the final measurements,
similar to BlenSor [Gsc+11]. Another way is to use sim2real methods, which try to
make simulated data look more like real data by employing domain adaptation methods
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[Hof+18; Lee+19]. There is also the possibility to use completely data driven simulation
(inserting measurements from real objects into simulated scenes) like Manivasagam et al.
[Man+20] as described in Section 3.1, in combination with a deep-learning based predictor
to predict visibility of targets, limiting the use of the simulator for validation purposes
due to missing interpretability. Existing generative approaches such as [Sal+19; NK21;
NIK?23] are based on GANSs, that lack interpretability and are difficult to control to produce
specific desired outputs. Additionally, they work on downsampled point clouds, which do
not capture the full complexity of the environment.

Interpretability and the Advantages of Physics A LiDAR simulation model allows
researchers and engineers to analyze the performance of their perception algorithms in
different scenarios. Being able to pinpoint certain behavior of the perception system
under test to specific physical properties of the simulation model is a key advantage of
a physically-based simulation model. This enables targeted optimization of the sensor
model and the overall perception system. For example, the visibility of an object can
be traced back to the material properties of the object and the angle of incidence of the
laser beam or the laser power. This is not possible with data-driven simulation models,
as the visibility of an object or measurement errors are not directly traceable to the input
parameters or mathematical properties of the model, but are a result of the training data
being condensed into black-box models.

4.2 Working principle of LiDAR

LiDAR sensors are time-of-flight sensors as introduced in Section 2.1. For a well calibrated
LiDAR, reducing the “exposure” (i.e. laser power ®p,) gradually will lead to no change
in range measurements. When the returning signal becomes too weak to be detected no
measurement can be obtained. There is no gradual degradation as there is with cameras:
“Underexposed” laser targets result in no measurement, referred to as raydrop in the
following.

This ”limited visibility’” aspect is crucial to modeling realistic measurement character-
istics. In reality, the maximum safe speed of an AD vehicle is limited by the maximum
range of the sensors, system performance and the overall system latency. Unfortunately,
the maximum range at which an object can still be measured is strongly dependent on
the material characteristics of the object [BM18; MHB20], prohibiting a simple visibility
model solely based on range. Thus, sensor datasheets always contain the maximum range
for a given target reflectivity: While a matte black object can become invisible at ranges
larger than 50 m (cf. [Vell3; Gmb21]), a bright white object or retro reflector can be
visible up to 120 m or more, depending on the specific LIDAR model. Fig. 4.1 shows
how the returning signal of a LiDAR pulse can vary greatly depending on the material
properties and orientation of the target.
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Figure 4.1: The sensor (shown in gray) emits four identical laser pulses (red). Depending
on the material properties (shown in black/white) and orientation of the targets, the echo
of the pulse (blue) varies greatly, despite equal range from the sensor to the targets.
Whether a target can be picked up by the sensor thus depends greatly on the material
properties and geometry of the target. For further information on the influence of target
geometry and color on the LiDAR measurement process, see [BM18].

LiDAR Technical Components

LiDAR sensors consist of various optical and electronic systems, for a brief overview see
Fig. 4.2. In terms of optics, there are lens systems for the laser emitting and laser receiving
part of the sensor. The FOV of the emitter and receiver optics must overlap, defining
the minimum distance for measurements. The most relevant systems and mechanisms
are explained briefly in the following, more details can be found at [CC17; Ins18].
Conventional LiDAR sensors are made up of a fixed number of layers, each consisting
of a matched pair of Laser Emitter (LE) and Laser Receiver (LR) with respective optical
system, and measurement electronics. The power of each laser pulse varies slightly from
shot to shot as well as between different layers cf. [GL10]. As each layer has one pair of
LE and Photo Diode (PD) and thus can only measure one target at one point in time, most
sensors rotate to scan the full environment, creating a constant stream of time-stamped
range data.

Laser Emitter

The Laser Emitter (LE) is responsible for generating the laser pulse required for the
measurement. Common LiDAR sensors either use 905 nm (e.g. HDL64) or 1400 nm
(e.g. Luminar [ELW20]) wavelength. While the working principle is the same for both
wavelengths, due to eye safety regulations 905 nm systems need to have lower power
emitters. Higher wavelength LiDAR has drawbacks such as increased manufacturing cost
(“fiber lasers”) and higher absorption in water droplets.
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Figure 4.2: A basic LiDAR can be divided into two parts: The emitting part Laser Emitter
(LE), and the receiving part Laser Receiver (LR). In order to conduct a range measurement,
the Digital Signal Processor (DSP) triggers the laser driver, which in turn causes the
Laser Diode (LD) to send out a laser pulse. The emitted pulse is split by a semipermeable
mirror (sometimes called beam splitter), with a part of the pulse being sent to a detector,
that triggers the start of the time measurement in the DSP. The other part of the pulse
traverses the emitter lens, and is scattered at the target and picked up by the receiving
optics: The photons are picked up by a Photo Diode (PD), which outputs a current.
This current is then converted to a voltage by a Transimpedance Amplifier (TIA) and
amplified. The Time Digital Converter (TDC) then discretizes the signal by comparison
to the visibility threshold, sometimes also referred to as dark threshold calibration value
Dp . Finally, the DSP performs leading and falling edge detection, inferring range R and
intensity of the return.

Photo Diode

The PD is responsible for picking up the signal reflected by the target and collected by
the receiving optics. Similarly to a solar cell, the photosensitive semiconductor diode
converts the incoming laser power PR, i.e. returning photons, to an electrical current. The
task of the PD is very challenging, since it needs to work reliably across a wide variety
of echo intensities, cf. Table 4.1. This means that it needs to be sensitive enough to react
to low-power echoes, but at the same time must not be “blinded” or even destroyed by
highly reflective (retro-reflective) targets. For more details on (avalanche) photo diodes,
see [Will17; CC17].
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Range [m] ‘ Power [uW]

10 80
30 9
100 0.8

Table 4.1: Returning pulse power at the receiver for identical target at different ranges.
(Table extracted from [CC17]). Note how the power decreases by more than two orders of
magnitude over the range to the target.

Transimpedance Amplifier

The TIA converts the current from the PD to a voltage signal, cf. [CC17]. The TIA is
required to amplify the signal to a level that can be processed by the TDC in the next step.

Time Digital Converter

The TDC compares the signal to a threshold and discretizes the signal. The threshold
®p_needs to be well calibrated: A threshold too low will result in so-called “ghosting”,
as measurements are triggered by reflected sunlight or noise in the signal chain. Too
high of a threshold, and the maximum range of the sensor will be reduced, as far away
targets will not yield sufficiently strong returning pulses. Also, dark matte objects might
become invisible to the sensor. As far away targets become indistinguishable against
the background noise, the threshold is always a compromise between noise suppression
and long range visibility. For more details on the inner workings of the TDC, please see
[Inc15].

Digital Signal Processor

The DSP measures the time it takes from the laser pulse being fired until there is a
significant change in the output of the TDC (time-of-flight principle, cf. Section 2.1). The
DSP then measures the duration (i.e. it counts the number of clock ticks) that the TDC
output signal is active. Comparing the measured number of clock ticks to the expected
number of ticks indicates how the laser pulse was spread over time.

For more detailed information on the working principle of LiDAR, please refer to
[KK11; Will17; KNK17; CC17; Ins18].

4.3 Physical Model

Based on the working principle of LiDAR introduced in Section 2.1 and Section 4.2, we
derive a physically-based LiDAR simulation model.
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Goal

The goal is to build a mathematical model, that, given a target with certain material
properties and orientation ® can predict the returning signal of a LiDAR sensor, and from
that derive a realistic binary visibility signal V € {0, 1}, and where applicable, a noisy
range measurement R. The model should be parameterized by LiDAR sensor parameters
®, based on realistic, physical units.

Preface

Instead of modeling each electrical component and its effects on a per-component basis
as discussed in Section 4.2, we aggregate certain components and effects into larger
functional blocks. For example, the PD converts incoming laser power to current, which
is then converted to voltage by the TIA. We omit the conversion of physical units, as it is
a linear operation. Also, since the TIA can be considered linear, i.e. performing solely
signal amplification and conversion from current to voltage, we can omit it from the model
and pretend that the PD directly outputs a power signal, without neglecting any crucial
effects.

Defining Characteristic of the Pulse Echo

The pulse echo is characterized by two key properties: The strength and shape of
the returning pulse. The strength of the pulse is dictated by the ratio of reflected and
incoming power returning from the target surface: This depends on geometry and material
parameters ©, and not on the LiIDAR parameters ® beyond the emitted laser power ®p..
The shape of the returning pulse essentially refers to the temporal aspect, i.e. which part
of the target surface is illuminated (and reflecting back to the sensor) at which point in
time. This is sometimes summarized under the designation “elongation” of the returning
pulse. It only depends on geometry and the LiDAR parameters ®, not directly on material
parameters ©.

4.3.1 Model Overview

This independence of the different aspects allows us to separate our simulator into isolated
components: One that deals with the static component and is only dependent on the target
material and geometric properties and one that deals with the shape of the reflected pulse
(temporal aspect). The following subsections each correspond to a component in Fig. 4.3.

1. Time-Surface Model: This component models the amount of reflecting surface at
the target over time (i.e. elongation) of the returning laser pulse, see Section 4.3.2.

2. Surface-Reflection Model: This component models the ratio of incoming and
returning laser power reflected back into the sensor based on the material properties
and orientation of the target surface. These properties and the process are constant
for a measurement, see Section 4.3.3.
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3. Threshold-Intersection Model: This mechanism determines whether a point is
visible to the sensor or not, by comparing the returning pulse power to the sensors’
threshold ®p , see Section 4.3.4.

4. Noise Model: This introduces noise into the modeled measurement process, see
Section 4.3.5.

These models are combined to form the complete LiDAR simulation model, cf. Fig. 4.3.
The following sections describe the individual components in more detail.
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s A
Raw Simulator (Sec. 4.5)
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Figure 4.3: Overview over the whole simulation pipeline. Each component corresponds

to a section.
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4.3.2 Time-Surface Model

This model describes what part of the target area is illuminated at what point in time, i.e.
what ratio of the total target surface is reflecting light back at the sensor.

The backscattering cross-section ¢ describes the ratio of incident electromagnetic
energy on a target and the amount of energy scattered back into the direction of the
incident electromagnetic wave. This has been extensively studied in the context of RADAR
systems [SkoO1], with entire books being dedicated to the topic of RADAR cross-sections
[KSTO04], because this property essentially dictates the visibility of aircraft to RADAR
systems.

The radar range equation (cf. [SkoO1] and (4.1)) describes the power received P, by a
radar system as a function of the transmitted power F;, the gain of the transmitting antenna
G;, the area of the receiving antenna A,, the backscattering cross-section of the target o,
and the range R to the target:

p, = 1GA0 @.1)
(4m)“R*

That is for the static case, with co-located transmitter and receiver systems. Wagner et al.
[Wag10] adapted this concept from RADAR to LiDAR, as the working principle is quite
similar (not to be confused with "Doppler RADAR?”, which is used to measure velocity).
Additionally, we introduce the temporal aspect, modeling the change of illuminated area
over time. Four our purposes, the emitted laser pulse is modeled as a rectangular function
with pulse width ®; . The beam divergence @y, causes the beam width w to increase with
the range R to the target. The exit diameter of the laser emitter (LE) ®p, at the sensor in
combination with the beam divergence @y, dictates the beam width w:

P
w(R) = ®p, +2Rtan 7"’ : (4.2)
The area perpendicular to the laser ray at the target is called the laser footprint Aj:
nw(R)?

4

Q) is the solid angle of the receptor, i.e. the area of the receptor optics over the range
squared:

A = 4.3)

_ ﬂq)DRZ

T 4R?
The backscattering cross-section o is a product of the target area, the reflectivity of the
target and €2, describing the reflection characteristics (details see [RPB12], Eq. (14) from

[Wag10]). The total illuminated area at the target must take the angle of incidence ®g into
account

(4.4)

o = 47Tf_rA]fCOS @9 s 4.5)

where f, denotes the averaged Bidirectional Reflectance Distribution Function (BRDF)
over ; (solid angle of the incident light) and € (radiant light), being closely related
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to biconical reflectance. According to [Wagl0], ¢ can also be formulated in terms of
incident and reflected power:

4 PR
= — —Ay.
(o] Q, oy, If 4.6)

Wagner et al. [Wag10] adapt the radar equation (4.1) for use with laser ranging systems

_ % dp.o 4.7)
n 47'L'A1f B> '
or when taking atmospheric damping 7 into account:
Q,
= Pp.07T(2R). 4.8
47ZA]f e ( ) ( )

Aerosols and dust dampen the laser signal as it travels through air, but we neglect

atmospheric damping (3 = 0) for our simulation as this term is rather insignificant
compared to # in (4.12), especially for clear weather conditions, where B ~ 0.096km !
[Woj+14], i.e. the meteorological visibility is over 20 km. Consequently, we omit 7(2R)
and simplify (4.8):

T(2R) = ¢ RP =
4.9)

N

- 47'L'Alf

From [Wag10] (Eq. 14), we know that we can express the backscattering cross-section
with the help of a BRDF term f,:

q)pEG.

0o = 4ﬁfrA1fCOS @9 . (4.10)

f, essentially scales the amount of reflected power depending on the material parameters,
please see Section 4.3.3 for details.

The illuminated surface varies over time, and thus we introduce A(t) describing the
relative illuminated surface over time. We get:

o(t) = 4nf,Aircos OgA(t). (4.11)
The LiDAR receiver in essence measures the returning laser power Pr over time:

ﬂ‘kaz

Pr(t) = R Dp. frcosOpAl(t). (4.12)

Relative illuminated surface over time: We define x as a coordinate across the laser
footprint Ajs at the target, see Fig. 4.4. The range R across the target can now be expressed
as a function of x:

R(x) =R+AR = R+xtan®yq. (4.13)
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R

Sensor Target Beam cross section on surface

(a) We introduce the helper coordinate x to describe the bounds of the illuminated surface at any
given time t, depicted as hatched area in the figure.

z T z x z

A \ A @) A () zo(t) A zi(t)

A
z1(t)
:l'o(t)
®) z1(t)

z‘()(t) I(](t)

Zo

(b) The illuminated target surface changes over time t. xo(t) and x)(t) represent its lower and
upper bounds at time t.

Figure 4.4: Change of the illuminated target surface over time.

We assume the power emitted by the laser ®p, to be constant over time for a pulse.
The amount and the location of target surface that is illuminated changes over time: A is
without unit, between 0 and 1 and refers to the relative amount of surface.

For simplicity, we formulate the response of the pulse to be symmetrical around ¢ = 0

@ . . o
and 79 and #| are — %’W or % respectively, marking the beginning and the end of the

pulse relative to the center of the pulse.

We combine two Heaviside functions H to create the signal S, which indicates whether
the surface is illuminated at time ¢

S(t)y=H(t—to)H(t; —t) =H(t — 2@ —to)H(—t+2@ +1), (4.14)

and combine it with the size of the illuminated area at time ¢:
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. 1 2 w2
A(r) :A—lf/_VZVZ\/T—sz(t)dx. 4.15)

Solving for zero crossings in the Heaviside function we get

R(x)

r— 27 - t() =0
(4.16)
R
—t+ 2ﬂ +1n =0,
c
and since
R(x) =R+xtan®g, (4.17)
we can solve for x and get
(1) =1~ 10)5 K]
xXo\f) = [(f—1o)5 —
2 tan g
()=1(—0)5 K] -
M= ) tan®g ’

where x((t) is the lower boundary coordinate of the illuminated surface, and x; (¢) repre-

sents the upper bound for the illuminated surface at time #, see also Fig. 4.4b. Additionally,

xo(t) and x| () are bounded by the beam width, giving us the integration boundaries « and
l:

I = max(xy(1), —%)

" (4.19)

U= min(xl(t),i).

This allows us to rewrite (4.15) as

i) = i/“z\/w—2 2y, (4.20)
Ay Ji 4

Finally, integration leads to:

- 1 2 2 2
Al = - <u\/%—u2—l\/%—lz+%

4.3.3 Surface-Reflection Model

—1 u -1
tan™ " ( )—tan” " (
WTZ—uz w2

In order to make the simulation as realistic as possible, we also need to capture the
influence of different target materials on the simulated measurements, as already alluded
to by f, in (4.12). However, up to this point, our model only takes geometric- and temporal
effects into account. To address this, we introduce a BRDF into our simulation model,
i.e. a function describing how light from a source is reflected off a surface. For a given
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incident light direction @; and outgoing direction @,, a BRDF f, essentially provides the
ratio of reflected radiance and incident irradiance. This is required by (4.12), in order to
scale the strength of the returning laser pulse according to the target material properties.
We closely follow the methodology and equations proposed in [Karl3], since it is the
BRDF used in the underlying game engine [Epil9] of the simulator, i.e. the material
parameters in the CARLA simulator [Dos+17a] have been optimized for realistic visual
appearance for this BRDF. In the following, we describe the key equations from [Kar13]
and their application to our method, without going into extensive detail, as we do not
significantly deviate from [Karl3]. For further reference, the interested reader is referred
to the original paper [Karl3] or the excellent book on physically-based ray tracing by
Pharr et al. [PJH16].

To model the amount of laser power that arrives back at the sensor, both diffuse fiyypert
and specular reflection f.ook-torrance are combined according to a weight k;:

fr - kd flambert + f cook-torrance - (4-22)

The weight k; is determined by the amount of specular reflection F', which in turn depends
on the view- and half vector (v and h), as well as the base reflectivity Of,:

kq=1—F(h,v,0x,). (4.23)

F is an approximation of the Fresnel equation, called Fresnel-Schlick approximation
[Sch94]. It describes the reflection (and transmission) of light at the interface between
two media, depending on the angle of incidence. O, represents the base reflectivity
for non-metallic materials, i.e. the amount of specular reflectance for a light ray that
is perpendicular to the target surface according to the Fresnel model. Since the base
reflectivity is not given directly in the simulator, we use the approximation proposed
by Karis et al. [Kar13], linearly interpolating between a fixed value and the base color
according to the metallicness of the surface:

Or, = (1—-0,,)0.04+ 0,,Oygp

5 (4.24)
F:F(ha",@fo):®fo+(1_®fo)(l_(h'v)) .
The diffuse reflection term can simply be modeled as:
Orgp
flambert = ;;_g . (4.25)

For the specular component, the Cook-Torrance model [CT82] is used, as it is also
the basis for the BRDF and materials in Unreal Engine 4 [Kar13; Epil9], which is the
underlying game engine used by CARLA [Dos+17a]. The Cook-Torrance Model is a
microfacet model. It assumes that the surface is made up of many small individual facets
(with varying surface normals), each of which reflect light according to the microfacet
model, i.e. the aggregation of the behavior of these microfacet represents the observed
scattering of a surface.
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The Cook-Torrance BRDF is given as
DFG

§ = 4.26
fcook torrance 4(600 ] ®n)(a)i ] ®n) ) ( )
which combined with (4.22) and (4.25) leads to
® DFG
f, =k, 4 (4.27)

T 4(we - Op)(@w;-Op)

D is the normal distribution function, accounting for the fraction of microfacets oriented in
a way which allows them to reflect light at the observer, with @, indicating the roughness
of the target surface:

0,2

D =D(6n,h,6,) = 7(On-h)2(0,2— 1)1 1)

(4.28)

G is the geometry function. Microfacets can shield other microfacets from light, or
occlude other microfacets from the observers point of view. Occluded or shadowed
microfacets cannot contribute to the reflection, and the geometry function models this
effect by computing the fraction of microfacets which are neither occluded nor shadowed:

@n‘v

G=GOnv:k) = o =0 &

(4.29)

We use £ for direct lighting, since we model only one single laser light source and are
not interested in indirect lighting:

(©,+1)

k=
8

(4.30)
Since LiDAR sensors have very small beam divergence @y, the respective solid angle

Q; is very small. Also, due to the very small measurement aperture ®p,, Q is also very

small. We thus assume the variation of the BRDF f, to be negligible over these angles:

, 1 1
'~ fdwodw;~ =Y £,K) 431
[ Qi-Qs/Qi/Qs @o d 3; 4.31)

This approximation significantly reduces the computational cost, enabling an efficient
and practical implementation of our LiDAR model.

The Cook-Torrance model has been developed for fast and realistic image rendering
purposes, as have the material parameters in the CARLA simulator. Since we do not have
the budget or time resources to change all material parameters in the CARLA simulator,
we decide to use the material parameters as-is for our LiDAR simulation. Bolkas et al.
[BM 18] show that the color of a material in the visible spectrum is a good indicator for
the reflectivity in the LiDAR spectrum. While they use LiDAR sensors with a wavelength
of 1535 nm and 1550 nm for their experiments, we aim to simulate a HDL64 sensor with
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a wavelength of 905 nm. This is much closer to the visible spectrum than in the tests
conducted by Bolkas et al. Thus, we assume that the color of the material in the visible
spectrum is a sufficient approximation for 905 nm. Gschwandtner et al. [Gsc+11] also
rely on this assumption for BlenSor, but ignore geometry and only use the color of the
target to determine reflectivity.

4.3.4 Threshold-Intersection Model

This component is designed to find the point in time 7, where the returning power coming
back from the target and being picked up by the PD crosses the threshold ®p, to trigger a
measurement. As not every reflected pulse is strong enough to be detectable (cf. Fig. 4.5),
this component deals with the “visibility dilemma™: A too large threshold ®p_will result
in very limited visibility range but good robustness against ghosting, i.e. no measurements
will be triggered by background noise. A too low threshold ®p_will result in high range
visibility but will make the sensor more sensitive to spurious measurements, which can be
caused by electrical measurement noise or external light sources such as sunlight.

In ideal conditions (no noise), for a given instance of a LiDAR model ® with its
geometric properties, and target properties ©, the returning power Pr only varies across
time ¢ - the other parameters do not change. Thus, we can solve for 7, by doing binary
search across 7.

op, 2 . i,
FR(P,©,1) = -, cos OpA(®,1),(©)
4.32
L Op, (4.32)
If the maximum power Pryy,x Of a returning pulse
Prmax = m;axPR(@,@,t) (4.33)

is below the threshold ®p_, the target is not visible to the sensor. Otherwise, there exists
an intersection time f,:

min‘PR(q)7®7t) _q)Px’ if Pp < PRmax, =0 <1 <0
=19 ' (4.34)

o0 else

This represents the time, at which the leading edge crosses the threshold ®p . The
falling edge 77 (i.e. when the signal drops below the threshold again) is detected in the
same way.

Walk error Using the intersection of the threshold with the signal (i.e. 7)) to compute
the range directly would lead to large walk errors, especially for slanted surfaces, since
the slanted or darker surfaces basically “delay” the rise of the returning pulse power Pr at
the receiver. In other words, the stronger the signal, the earlier the threshold ®p, is crossed
and the closer the estimated range R to the target would be. This effect is demonstrated
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in Fig. 4.5, where we compare the echoes for targets with equal range and orientation,
but different material properties. Without compensation, the timing error just caused by
varying colors or orientation would be in the range of nanoseconds (1 ns timing error
results in 0.15 m range error), which is unacceptable. It is thus necessary to perform walk
error compensation. There are many methods to correct for walk error [CC17; Ins18;
Yan+19; Sed+24]. We select the simple method by Amann et al. [Ama+01], since the
actual method used by the manufacturer is not disclosed for any commercially available
(automotive) LiDAR sensor. By comparing the difference in expected TDC clock ticks
Nexpected (1.€. the amount of TDC clock ticks that corresponds to the pulse width CID,pW) and
the observed clock ticks nghserved between the leading and falling edge time 7, and 74 of
the pulse, the “actual” time of flight #.orecteq Can be estimated.

@,
Nexpected =
lres,TDC
An = ngbserved — Nexpected (4.35)
n
Teorrected = Ix + Ttres,TDC
This ultimately leads to the measured range (assuming absence of noise):

A Cleorrected

Rnoise-free = —FH — (4.36)

2

For more details on walk error LiDAR systems the interested reader is referred to [Li08;
Kurl?2].
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Figure 4.5: The returning signal Pg for two targets with identical geometric properties
such as range and orientation, but with different material properties. The red returning
pulse does not cross the threshold ®p_and is too weak to be picked up. For the yellow
and blue pulses, despite having equal range to the target, the threshold is crossed at to
different times t, , and t, p,. This is called walk error: If ignored, the weaker the signal,
the later the threshold ®p_is crossed and the “further” the estimated range to the target
would be. By comparing the measured pulse width at the receiver with the pulse width of
the laser emitter, the effect can be compensated. Note that the signal consists of discrete
measurements, as demonstrated by the discrete markers on the signal curves. The low
resolution is exaggerated for demonstration purposes.

4.3.5 Noise Model

Up to this point, the model does not take any noise into account. However, each measure-
ment is subject to noise which needs to be modeled and is characteristic for the sensor.
Step by step simulation for each signal through the whole signal chain allows us to add
physically plausible noise to the simulation pipeline.

There are multiple sources of noise in a LiIDAR system: Firstly, the high pulse frequency
of the LiDAR causes variations in pulse power ®p_, influencing measurement accuracy
and the visibility of targets directly. For this, we assume Gaussian noise. Secondly,
the range measurement is directly influenced by the time measurement error z., which
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consists of the following parts: There is the uniformly distributed time quantization error
fe. Discretization When converting the signal from continuous time to discrete time in the TDC.
The clock mechanism that is part of the LiDAR is itself subject to Gaussian noise: f¢ cjocks
see also [Alv+03; CC17]. Furthermore, as with all electronic measurement devices, there
is also an amplitude jitter on the actual signal Pg, which influences the accuracy of the
time measurement fe, Amplitude-

Signal-to-Noise Ratio (SNR) is defined as the ratio of the mean power of a signal
and the standard deviation of the noise (¢ not to be confused with the backscattering
cross-section o discussed in Section 4.3.2):

SNR =2 (4.37)
(0]

which in our case leads to

R

)
Osignal jitter

cf. [Sem23]. From literature [Li08; Will8] we further know that

PsNr = (4.38)

Osignal jitter
Otiming jitter = ok (4.39)
Tt le=t.

This means, that the resulting timing jitter from signal jitter is inversely proportional to
the gradient of the signal at the threshold crossing time 7., i.e. the sharper the signal rises
at the TDC, the less the signal jitter will influence the measurement. The slower the signal
rises, the more impact the signal jitter will have on the measured time 7, at which the
threshold ®p_will be crossed, see also Fig. 4.6.

The measured range R is directly dependent on the measured time 7, which is subject to
timing error f., which results in range error r,:

1= Teorrected T le

I’é == knoise_free + Ve (4.40)
Ve = 7

The following measurement errors influence 7., which ultimately lead to the noisy,
measured range R via 7

le = te, Discretization 1 le,Clock + te, Amplitude

Ites, TDC  Ires, TDC
Te, Discretization ™~ U(_ resz > resz )[S]

fe Clock ™~ N(Oa Gclock) [S]

(4.41)

Osignal jitt
te, Amplitude ™~ N(O, Gtiming jitter) [S] - N(07 —18911%27 Jiter ) [S]
o lr=t:
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Figure 4.6: The returning echo signal Pg for two identical targets (except for angle of
incidence ®g) with added signal jitter and ®syg = 10. The signal jitter (jitter along
vertical signal axis) is translated to timing jitter (i.e. error on the horizontal time axis).
The steeper the signal rise, the less the timing error influences the measurement. Hence,
in the example depicted here, the time t, for target (b) with the steeper signal rise is
measured more accurately than for target (a). Note that due to walk error compensation
(cf. Fig. 4.5), the absolute elongation of the signals is not influencing the measurement
accuracy.

4.3.6 Influence of Laser Layout on Raydrops

Upon inspection of real world LiDAR data projected to range images (cf. Fig. 4.7 and
Fig. 4.11), we notice that the probability of a raydrop is not uniformly distributed over the
layers of the sensor.

There is a characteristic saw tooth pattern in raydrops along the edges of objects, like
poles or traffic lights, but also along the edges of cars, basically everywhere where the
range changes abruptly between neighboring points along the layers. In an alternating pat-
tern between layers, the probability of a raydrop is much higher when the left neighboring
point is closer versus when the right neighboring point is closer or vice versa, leading to a
sawtooth pattern along the edges of objects. This phenomenon occurs due to the layout of
the laser emitters and receivers in the sensor and the resulting shadow effects, see Fig. 4.8.

In order to model this effect (occlusion due to sensor layout) in a simulator, we would
need to model 64 individual light sources and their respective receivers at separate
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(a) KITTI Camera Image with traffic light and (b) KITTI range image with alternating ray-
small poles. drops along the poles’ height.

Figure 4.7: Example of raydrops on poles in the KITTI dataset.

LASER BEAM ON THE WALL
AS SEEN ON CAMERA
LEFT BOTTOM RIGHT BOTTOM
UPPER & LOWER UPPER & LOWER

. OUTSIDE OUTSIDE . INSIDE

.
DSR# - Lower Block

Figure 4.8: Orientations of the laser emitter and receivers in the sensor. Image extracted
from sensor operating manual [Vell3]. The sensor consists of four laser blocks, upper
left, upper right, lower left, lower right with 16 lasers each. Laser 0 and 32, 1 and 33, ...
fire simultaneously while the sensor rotates.

Top

geometric locations during the simulation, which would be prohibitively expensive. We
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thus decide to take a probabilistic approach when modeling this effect, i.e. we compute
the empirical probability of left and right raydrops for each layer, see Fig. 4.9.

To this end, we project the point clouds from real sensor data (from KITTTI) into range
images as described in [Tri+20], simultaneously keeping track of pixels that have no
point projected into them, i.e. the raydrops. This gives us a range image R € REXC, where
L is the number of layers and C the number of columns in the range image. Since not
every pixel in the range image has a valid return, i.e. is non-empty, a boolean mask
Ve{0,1}*Cie. V= V() = 0 indicates whether there is a raydrop at layer i € L and
column j € C. Pixels in the range image R/ without a valid return, but with two valid
left- and right neighbors are filled with the mean range of the neighbors (R("/=1) and
R(:/1), but the boolean mask is kept untouched.

We then compute the range image gradients %—1; along each layer (corresponding to
range image row i) over all range images in the KITTI dataset. Analogous to image
gradients, the gradient for a point p that falls into the range image at layer i and column j
is computed as:

R(p) =R =||p],
dR(p) oRG) RGN _RED (4.42)

2j  dj 2

The column index has no influence on the probability of a raydrop, since a range image
is a 2D projection of a 3D point cloud, and as the sensor rotates, the resulting column
index is arbitrary. For each layer i, we compute the total number of pixels that have a
certain range R, range gradient ‘3—1; and two valid neighboring pixels, and the number of
dropped pixels that have a certain range R, range gradient ‘3—15 and two valid neighboring
pixels.

Averaging over all range image columns C of all the N point clouds of the dataset,
giving us the empirical probability of a raydrop p,(R, ‘3—1;, i) for a point p falling into a

given layer i with range image gradient R; < ‘3—1; <R, andrange R; <R <R,.

. JR .
P(V=0|R <R<R.R <5 <Ri,i)=
J

Yoo Lt IR < R < Rulllk < 48 < RAIVE D)V v G349
Lo XSO R < R<RJ[R < 98 < RJ[VE-D][VE+D]

Example statistics for (4.43) over the whole KITTI dataset (from 5m to 10 m for an
absolute range gradient threshold of 0.5 m and up) can be seen in Fig. 4.9. We notice, that
the probability of a raydrop is not uniformly distributed over the layers of the sensor, but
that there is a distinct alternating pattern due to the pattern of laser emitters and receivers,
see Fig. 4.8.

In the raw and unprocessed data from the simulator, there are no missing returns.
Hence, at inference time, we can then compute the range gradient ‘3—1; for each pixel in

48



4.3 Physical Model

B 5m<R<10m,0.5m< 3—1j < oo
0.6
B S5m<R<10m,—o< ‘3,—’; <—0.5m

=]
D
1

<
~
1

=]
W
1

Empirical Probablity of Raydrops
o
()
1

0.1 A

0.0 -

0 10 20 30 40 50 60
Layer index i

Figure 4.9: Empirical probability for raydrops on KITTI depending on ’left”
(?9—1; < —0.5m) and ’right” (‘3—1; > 0.5m) raydrops for each layer from range R 5m to
10m. Note: Layer index O refers to the “top” layer, i.e. the one with the highest elevation.

the simulated range images, draw a random number, and use the empirical probability
P(V=0|R <R<R,R < g—? < R,,i) to determine whether a point is to be dropped or
not, the result of which can be seen in Fig. 4.10, where we also compare the results of our
physical LiDAR simulator with BlenSor. The effect of alternating raydrops makes our
model appear more realistic than the BlenSor model, especially when compared to the real
world data in Fig. 4.11. At inference, the empirical probability is stored in a look-up table,
with range R ranging from O m to 120 m and range gradient ‘3—? ranging from —120 m to
120 m. The bin size of the lookup-table is set to 5 m for range R, and 1 m for the range

: JdR
gradient Tk
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Figure 4.10: Example of range images with raydrops for our physical LiDAR simulator
(center) and BlenSor (right). Left column: Camera image for context. Range images are
colored using the same methodology from Fig. 2.3b, with the vertical resolution being
increased fivefold for better visibility. Our physical LiDAR simulator produces raydrops
with a similar pattern as in the real world data in Fig. 4.11, while BlenSor does not.
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Figure 4.11: Example of raydrops in the KITTI dataset with alternating pattern along
the edges of objects and the camera image for context. The range images are computed
from the point clouds using the method described in [Tri+20], and vertical resolution is
increased fivefold for better visibility.
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4.4 Parameter Selection

In Table 4.2 we list and briefly explain the parameters we have set for our physical model,
as well as the reasoning for our specific parameter choices. In general, we tried to keep
the parameters as close as possible to what has been reported in the literature for the
HDL64 sensor [Vell3]. For parameters where no information was available, we used
values from relevant literature. We only deviated from the reported values when the
reported parameters produced unrealistic results in our simulator. This was the case for the
laser power, which we set to 100 W instead of the reported 70 W, since the latter produced
too many raydrops in our simulator. One possible explanation for this discrepancy could
be that the material properties of the objects in the CARLA simulator might differ from
the real world, leading to a higher absorption of the laser light.

Parameter Symbol Value  Source

Beam divergence Dy, 2mrad extracted from [GL10]

Pulse width Dy, 5ns extracted from [GL10]

Emitter power Dp. 100 W  extracted from [Sem?23]

Signal-to-noise ratio DPsNR 10 extracted from [Sem23]

Std. dev. of emitter power Doy, 3W based on visual tuning

Visibility power threshold Dp, 10nW based on visual tuning

Base reflectivity (dielectrics) O, 0.04 default of [Vri24]

TDC resolution tresTpc  5ps  extracted from [CC17]

Clock noise feClock  J5ps [Alv+03], slightly visually adjusted

Laser emitter diameter Pp, 0.02m estimated after inspecting the sen-
sor emitter lens system

Receiver diameter Ppy 0.05m estimated after inspecting the sen-

sor receiver lenses system

Table 4.2: The parameters we have selected for our physically-based simulation model.

4.5 Implementation Details

While CARLA [Dos+17a] does offer a LIDAR implementation based on ray casting, we
use our own custom implementation based on a custom “camera”, since at the time of this
work, the ray casting based sensor was only giving very rough hitbox intersections, and
not the actual mesh intersection, cf. Fig. 4.12.

Our implementation is based on a rotating depth camera, since this enables us to access
additional material properties such as roughness, metallicness and surface normals, which
the ray casting-based sensor cannot expose, due to these attributes being only accessible
from the GPU shaders. We update the simulation (ego-vehicle position and position of
all actors in the scene) 500 times per second, i.e. 50 times for one revolution of our
virtual LiDAR sensor, which does one 360° revolution each 0.1 s. In terms of which pixel
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Figure 4.12: Point cloud with box artifacts from the default LiDAR in CARLA at the
time of writing this chapter. The fine geometry including the surface normal, material
parameters such as roughness are only accessible from GPU, hence we use a z-buffer
(GPU) based implementation. Image extracted from http: //asrl. utias. utoronto.
ca/datasets/mdlidar/ index. html, accessed on 22nd of June 2024. Modifications
applied: Colors inverted, morphological erosion for better quality in print.

locations’ data to extract from the z-buffer, we follow [HCW 19]: Knowing the vertical
FOV and horizontal resolution of the LiDAR sensor from the manufacturers datasheet
[Vell3], we project the individual LiDAR rays into the respective locations in the z-buffer.
From this location in the z-buffer, we gather all the data we need for our simulation:

1. Range R

2. Surface Normal ®,,

3. Surface Roughness O,

4. Surface Albedo (Matte Surface Color) Oygy,
5. Surface Metallicness ©,,

6. Semantic Segmentation (only for visualization)

An example point cloud and corresponding attributes projected in to a range image can be
seen in Fig. 4.13.

Semantic Colormap In Fig. 4.13 and Fig. 4.14 we show the semantic segmentation
images from the KITTI dataset and the CARLA simulator with the following colormap:

» B Unlabeled » B Other-vehicle * | Building
o I Car » M Person o W Vegetation
* | Bicycle * B Road * = Terrain

« B Bus » W Sidewalk

« l Motorcycle » B Other-ground
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(f) Semantics, color mapped according to Section 4.5

Figure 4.13: All raw data channels exposed by CARLA to our simulator.
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(a) KITTI data

Ll b i R

(b) Plain CARLA data

Figure 4.14: Range image and semantic segmentation image from SemanticKITTI and
the Plain simulator data, without any noise or visibility simulation applied. The semantic
colormap is given in Section 4.5. Range image colormap according to Fig. 2.3b.

4.6 Evaluation

We want to compare the performance of our physically-based simulation model to the
baseline methods in Section 4.6.1 in terms of realism. We start with a visual comparison
of the simulated data to real-world data, see Section 4.6.2. Furthermore, we evaluate the
simulation models in three other aspects that we believe to be indicative of realism.
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Firstly, we compare statistical properties related to noise and visibility range of the
simulated data to real-world data, see Section 4.6.3.

The second evaluation method is based on the assumption that the more realistic a
LiDAR simulation model is, the smaller the resulting domain gap should be for down-
stream tasks trained on this data when being applied to real data. In other words, the
more realistic the simulated data, the easier it should be to transfer learned features to real
data. So, we use simulated data as training data for a downstream task, and measure the
performance on real data, see Section 4.6.4.

The third evaluation evaluates the usage of simulated data as validation tool, see
Section 4.6.5. If a LiDAR model produces realistic measurements, perception models
such as object detectors trained on real data should perform identically on previously
unseen, but simulated data.

4.6.1 Baselines

We integrate all of our baselines into the CARLA simulator [Dos+17a], so that all the
comparisons in this section are based on exactly the same source data. We compare our
simulator to the following baselines:

Plain

This is essentially the clean, i.e. unaltered range data extracted from the simulator cf.
Fig. 4.13, without any noise or visibility threshold applied. This represents a perfect
LiDAR sensor that has unlimited range and no noise.

BlenSor

We use the original BlenSor [Gsc+11] implementation as published by Gschwandtner
et al. [Gsc12] and apply it to the data generated by the CARLA simulator. As described
in Section 3.1, BlenSor assumes noise to be Gaussian distributed and applies a visibility
threshold based on the color and range of the target, cf. Fig. 3.1.

We chose 0.01 m as standard deviation for the range measurement, i.e. the provided
default by BlenSor [Gsc12]. This is half the amount claimed by the manufacturer in the
datasheet [Vell3], but it visually matches the actual noise distribution much better, as
shown in Fig. 4.15.

4.6.2 Visual Comparison with Real-World Data

In the following, we give a visual comparison of point clouds generated by the differ-
ent simulation models to real-world data from the KITTI dataset [GLU12b]. We show
paired scenes, where the same scene is shown from the same perspective in the different
simulators and for real data, see Fig. 4.16, Fig. 4.17, Fig. 4.18, Fig. 4.19 and Fig. 4.20.
When looking at the cars in Fig. 4.16 and Fig. 4.17, we notice that the Plain model
produces very clean looking point clouds, while BlenSor and our physical model produce
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//(
Figure 4.15: Comparing the range noise for BlenSor with standard deviation of 0.02 m
(left) and 0.01 m (middle) with real KITTI data (right). According to the sensor datasheet
[Vell3], the standard deviation of the range should be 0.02 m, but the scanlines close to
the vehicle are almost blended together for the BlenSor simulation with 0.02 m, so we

decide to use 0.01 m, which is also the default provided by [Gscl2] for HDL64 for a fair
comparison.

more realistic looking point clouds. On cars, the difference in visibility models and noise
is most pronounced. Our model produces the most realistic looking point clouds, with the
noise pattern being most similar to the real data, as BlenSor and the Plain model produce
much too clean looking point clouds.

Figure 4.16: Comparing point clouds of cars with no range noise (Plain, upper left) with
BlenSor (top right), with our physical model (bottom left) and real KITTI data (bottom
right). The plain point clouds look most unrealistic compared to the real data, while
BlenSor and our physical model look more realistic. BlenSor has a more uniform noise
pattern, and the overall shape of the cars is still relatively well-preserved. Our physical
model exhibits the strongest noise. The cars are still recognizable, but the noise is more
pronounced.
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Figure 4.17: Comparing point clouds of cars with no range noise (Plain, upper left) with
BlenSor (top right), with our physical model (bottom left) and real KITTI data (bottom
right). Note how on the car door in the real KITTI data, returns are missing, as indicated
by the white spots. Our physical model comes closest to the real data, as both BlenSor and
the Plain model produce much too clean looking point clouds. BlenSor and the plain data
do not exhibit any missing returns, while our physical model does. This, in combination
with the noise pattern, makes our physical model look more realistic.

For points that fall on the road (see Fig. 4.18), the Plain simulated data, when compared
to real-world data, shows that the ground surface in the simulation is perfectly flat. This
effect is less noticeable in the point clouds produced by BlenSor and our physical model,
which resemble the real KITTI data more closely because these models introduce some
noise to the range measurements. However, based solely on points falling on the road,
it is challenging to determine whether BlenSor or our physical model generates more
realistic-looking point clouds.

On pedestrians, all simulation models produce point clouds that look quite different
from the real data, see Fig. 4.19 and Fig. 4.20, with the Plain model producing slightly
less noisy point clouds on pedestrians compared to the other models.

In this section, we visually compared point clouds generated by different simulation
models to real-world data from the KITTI dataset. The comparison revealed that the Plain
model produces overly clean point clouds, while BlenSor and our physical model generate
more realistic results by introducing noise. For cars, our physical model is the most
realistic, mimicking the noise patterns seen in real data. The perfect flatness of the road
surface in the Plain model’s point clouds contrasts heavily with the more realistic noise in
BlenSor and our physical model. However, for pedestrians, all models appear smoother
than real data, with the Plain model being the least realistic. Overall, our physical model
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Figure 4.18: Comparing no range noise (Plain, upper left) with BlenSor (top right), with
our physical model (bottom left) and real KITTI data (bottom right) of a road surface. Note
that for the simulated point clouds we have artificially added the shadow of the recording
setup from KITTI: Points in the range image that have never had a valid return over the
whole KITTI dataset are masked out from the point cloud. While the Plain simulator has
no added noise, some small simulation artifacts are visible in the point cloud, due to the
way we extract the data from the z-buffer of the simulator. Like for the Plain simulated
data, BlenSor and the physical model have near-perfect circular patterns in the point
cloud, but visually look much more like the real KITTI data.

generally produces the most realistic point clouds, especially for cars.
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Figure 4.19: Comparing point clouds of pedestrians with no range noise (Plain, upper
left) with BlenSor (top right), with our physical model (bottom left) and real KITTI
data (bottom right). The difference between all simulator models is less pronounced for
pedestrians than for cars. The plain point clouds look most unrealistic compared to the
real data, while BlenSor and our physical model look more realistic, as they exhibit
more noise. However, compared to the real data, the pedestrians look too smooth for all
simulation models.
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Figure 4.20: Comparing point clouds of a single pedestrian with no range noise (Plain,
upper left) with BlenSor (top right), with our physical model (bottom left) and real KITTI
data (bottom right). The difference between all simulator models is rather small, with the
Plain simulator looking most unrealistic, and BlenSor and our physical model looking
more realistic. However, the difference between BlenSor and our physical model is less
pronounced for pedestrians than for cars.
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4.6.3 Statistical Comparison with Real-World Data

To compare statistical properties of the different simulation models to a real-world sensor,
we use the SemanticKITTI dataset [Beh+19b]. The SemanticKITTI dataset consists of
a large part of the KITTI dataset, where the points from the HDL64 sensor have been
annotated with their semantic classes.

Influence of Range on Point Density

Firstly, we compare influence of the measurement range on the amount of points that have
been recorded, cf. Fig. 4.21. To this end, a histogram counting the number of points that
fell into the different range bins (1 m intervals) is created for each data source. We have
randomly selected 1000 point clouds from the real data and 1000 random point clouds
from each of the simulation models. It is important to note that the simulated point clouds
are all from identical scenes. While comparing absolute values between simulated and
real data is challenging due to the less cluttered scenes in CARLA compared to KITTI,
the comparison among simulation models and overall trends compared to real-world data
remains valuable. This helps us analyze the different characteristics of the simulation
models.

Looking at Fig. 4.21 we notice, that up to a range of around 40 m, the physical model
yields a similar amount of points as the real sensor, while the BlenSor and Plain model
produce more points. This is no surprise, since the Plain model does not apply any
visibility threshold, and thus represents the idealized upper bound of the amount of points
that can be recorded. The BlenSor model only starts to apply a visibility threshold at 40 m
for very dark objects (see also Fig. 3.1), which is where the two curves (Plain, BlenSor)
begin to diverge in Fig. 4.21. Our physical model seems to match the actual visibility
characteristics quite well up to 50 m, and seems to slightly overestimate the amount of
targets that are visible. At around 50 m, BlenSor matches the trend of the real sensor a
bit better than our physical model, but drops too quickly below the real sensor, while the
physical model stays between the Plain model and the real sensor. We also observe that
the LiDAR data in the SemanticKITTI dataset seems to have been truncated at around
80 m, since the datasheet of the sensor reports a maximum range of 120 m [Vel13], but
we only see data up to around 80 m in the dataset.
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Figure 4.21: Number of points that have been recorded for 1000 point clouds in the KITTI
dataset and the respective simulators. Note that the raw data for the simulated point
clouds is identical, but the KITTI data is from unmatched scenes.

Influence of Range on Road-Point Density

As the point clouds from the SemanticKITTI dataset have been annotated with pointwise
semantics up to a range of 50 m, the second comparison is between the amount of points
falling on the road over increasing range, see Fig. 4.22. Comparisons to real data are thus
only possible up to a range of 50 m.

In Fig. 4.22 we see that the simulated data exhibits distinct and periodic peaks in
the histogram of point counts over range, which is especially pronounced for the Plain
model. This occurs because of the perfectly flat road surface and the absence of vehicle
dynamics in simulation. In the real world, the ego vehicle experiences roll and pitch due
to acceleration, braking, and cornering, causing individual laser layers of the LiDAR
sensor to fall into more distributed range bins. In the simulation however, the lack of these
vehicle dynamics results in pronounced peaks in the distribution.

Similar to Fig. 4.21, we see that for BlenSor the visibility aspect only becomes relevant
above 40 m, since it matches the statistics of the Plain simulator exactly up to this point.
Even above that, up to around 55 m, the BlenSor model produces almost the same amount
of points as the Plain model. BlenSor seems to overestimate the range of the sensor for
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Figure 4.22: Number of points that fell on the road which have been recorded in 1000
point clouds in the KITTI dataset and the respective simulators (range bin size: 1 m). Note
that the raw data for the simulated point clouds is identical, but the KITTI data is from
unmatched scenes. The SemanticKITTI dataset features dense annotations up to 50 m.
Beyond this range, valid comparisons cannot be made.

points on the road. On the other hand, we see that the curve representing the physical
model drops earlier and stronger than the curve for the actual KITTI data, underestimating
the amount of visible points on the road for 40 m and above.

Estimation of Measurement Errors on the Road Surface

Beyond the comparison of point densities at different range, we are also interested in
comparing the characteristics of the noise on the range measurement.

Normally, this would require recording of paired data from the same scene both in
simulation and in the real world or in a staged laboratory environment with calibrated
targets. This is not feasible, since we do not have access to the original sensor or the
resources to model the real world in the simulator. Instead, we use the SemanticKITTI
dataset [Beh+19b] to compare the noise characteristics on a at least locally known flat
surface: the road surface. For both simulation and real-world data we know the location of
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Figure 4.23: On a flat surface the rotating LiDAR creates a circular scan pattern on
the road surface. In our evaluation, we fit a circle to triplets of points that lie on the

road surface (using the semantic information provided by SemanticKITTI/CARLA), and
estimate the noise on the range measurement by comparing the distance of a fourth point
to the fitted circle.

the sensor w.r.t. the road, and can assume the road to be locally flat. As the LiDAR rotates

at a constant speed, they create characteristic ’rings” on the ground surface, see Fig. 4.23.
road surface.

We can compare noise along the ray w.r.t. the imaginary circle on a small patch of the

We use Scan Unfolding by Triess et al. [Tri+20] on the non-egomotion corrected point
clouds from the SemanticKITTI dataset [Beh+19b] to obtain per-point projections into
range images and semantic segmentation images, see Fig. 4.14. In sterile simulation data,
the rings are perfectly circular, while in real data, they are not, but for most point clouds,
this assumption holds at least locally, cf. Fig. 4.18.

In the segmentation/range image, we select all possible quadruplets of points that lie on
the same layer (scanline) on the road surface. Assume we have four neighboring points that
are all labeled as ’road” (color M in Fig. 4.14): p1,p2,P3,Pn, Where p; = (x,-,y,',z,-)T e R3.

We then fit a circle (in the ground plane) to three of these points (p;,p2,p3), and calculate

the euclidean error of the fourth point (p,) w.r.t. the fitted circle.

First, we select p; to be the origin of the reference coordinate system. Then we calculate
the new unit vectors x and z:
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P2 =Pp2—Pi
P3 =P3—P1
f’n =Prn—P1
B P (4.44)
X=""
D2l
. XXf’3
[[x < ps]|

Next, we calculate the unit vector y:

y:ZXX_ (4.45)

We then build a rotation transform R:

<!
R= |y’
2T
q =Rp; =0 (4.46)
q2 = Rp,
q3 = Rps
q. =Rp,
By construction, z is orthogonal to both x and p3, and since p, is aligned with x, qu)
and qu) are now equal to 0, i.e. the points ¢, and 3 lie in the ground plane.
A circle with center x.,y. and radius r on a plane is described by the equation:
or for a general point in 2D with coordinates a, b:
2 2_ 2
a—x;) +(b— =r
( c) (b—yc) (4.48)

2axe +2by.+ (P —x2 —y}) =d> +b°

We can then write the equation for the circle in the rotated coordinate system with the
points ¢, and q3, and then assemble and solve a linear system of equations Ms = b:

(4.49)
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and
0 0 1
o) (1)
4.50
ng) qgn { (4.50)
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And can then compute the total noise by combining the noise from the xy and z

direction: )
= (V@ —r @ -0 -)

4.51
& =(q:)’ (5D
€= /€5 +¢€

This is repeated for all permutations of the points in the quadruplet, and for each quadru-
plet of neighboring road points in the dataset. The resulting errors are then aggregated into
a histogram and visualized as heatmap, see Fig. 4.24 for comparison between the different
simulation methods and real data. We see that the Plain model does not match the real
distribution at all, since the points lie more or less on perfect circles, as indicated by the
yellow hotspot the bottom of the histogram. BlenSor is a bit better, but the histogram
from the physical model and real data match the best. We attribute this to the fact that
the physical model matches the actual, real-world noise distribution better than the mere
assumption of Gaussian noise made by BlenSor. For example, with BlenSor, there is no
influence of material parameters or geometry of the target to the accuracy of the range
measurement, but this influence exists [BM18]. In contrast to BlenSor, the physical model
actually models the shape of each pulse and is able to introduce more realistic noise into
the measurements, for example depending on target geometry or its other properties such
as metallicness or roughness.
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Figure 4.24: Comparison of the noise on the road surface for the different simulation

models and the real KITTI data. Each histogram is normalized using its maximum value,
and then mapped according to the colormap below.
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4.6.4 Downstream Task: LiDAR Object Detection

From the early days of simulation, it has been observed that good performance of a model
in simulation does not necessarily translate to good performance in the real world [Bro98;
Her+01; Gai+16]. This phenomenon is often referred to as domain gap, i.e. the difference
between the distribution of training data and evaluation data inhibits models to learn
representations that are meaningful in both simulation and the real world, cf. Fig. 4.14. In
the context of simulated and real data, this refers to the fact that each difference between
the two data distributions (including artifacts which are just present in the simulated
data) will be “exploited” by the model to solve a task, thereby hurting generalization to
real-world data, where these artifacts are not present. The more realistic the simulated data
is, the better the models trained on the simulated data should perform on real-world data,
i.e. a smaller domain gap should lead to easier/better transfer of the model to real-world
data. We therefore evaluate the simulated data by training three different state-of-the-art
LiDAR object detection networks on the simulated data and evaluating them on real data,
comparing the “performance” between simulation models.

Network Architectures

We evaluate the simulated data using three different LIDAR object detection networks:

PartA2 PartA2 by Shi et al. [Shi+21] is a two stage approach: The first stage of the
network predicts 3D proposals by processing the point cloud using an Encoder-Decoder
network. Each proposal is then divided into parts, which are scored and refined in the
second stage: The second stage uses Region of Interest (Rol)-aware pooling to aggregate
part information from each 3D proposal, scoring and refining boxes and their locations
based on the part features from the first stage. This refinement stage is guided by the IoU
between the predicted and ground truth boxes.

PointPillars PointPillars by Lang et al. [Lan+19] is a network that was developed
specifically with efficiency and execution speed in mind. This is achieved by converting
the point cloud into a 2D BEV representation that can be processed efficiently by a 2D
CNN: Firstly, the raw point cloud is divided into a grid of vertical columns, called pillars.
Then, for the points of each pillar, a shared Linear Layer is used to create a feature
representation, and the result is scattered into a 2D BEV image. The BEV image is then
processed by a 2D CNN Backbone, and its output is then in turn fed into a detection
head. The anchor-based detection head predicts class scores, bounding box dimensions,
orientation of potential objects in the scene.

PV-RCNN PV-RCNN by Shi et al. [Shi+20] is a two-stage 3D object detection network
that combines a voxel-based 3D CNN and PointNet. The first stage uses a 3D voxel-
based CNN for feature encoding and proposal generation. The second stage refines these
proposals by using key points obtained via farthest-point-sampling from the original
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Parameter PartA2 PointPillars PV-RCNN
Batch Size 4 4 2
Optimizer Adam Adam Adam
Learning Rate  0.003  0.003 0.01

Table 4.3: The parameters we have chosen for training the networks in the simulation-
to-real generalization experiment. Note: We do not deviate from the original training
parameters of the respective networks as provided by OpenPCDet [Tea20].

point cloud in combination with Rol features. This combined approach improves on the
limitations of previous voxel-based networks in regions of sparse data.

To reduce duplicates, all of the above networks use IoU-based Non-Maximum Suppres-
sion (NMS) to the predicted boxes.

Training Setup

We use OpenPCDet [Tea20] for training and evaluating the networks. The networks are
trained according to Table 4.3. In experiments where we pre-train or fine-tune on real
data we use the official training split from the KITTI Object dataset [Gei+13]. For the
other experiments, where we pre-train on simulated data, the networks are pre-trained
for 30k iterations on the simulated data from each of the simulation models. After 30k
iterations of pre-training on simulated data, the model performance on the real data starts
to degrade, so we stop the pre-training at this point.

Evaluation

We evaluate the networks on the official validation split of the KITTI Object dataset
[Gei+13] and report the results in Table 4.4 under section “Pre-training”. Then, the
networks are fine-tuned on either 100%, 10% or 1% of the real KITTI data, and once
again evaluated on the same validation split. For each network, and each percentage of real
data, we report the results for the different simulation models in Table 4.4 and Table 4.5
under section “Fine-tuning”. The results are reported in terms of the AP for the classes
Car, Pedestrian and Cyclist, and mAP over all classes for both BEV and 3D.

In the case where no real data is used, two out of three networks achieve their best
performance when pre-trained on the physical model (cf. Table 4.4). This indicates that
the point clouds generated by our physical model match real-world point clouds more
closely than the other simulators. However, when fine-tuning on 100% of the real data, all
simulation models are outperformed by training on real data directly, as opposed to fine-
tuning. At least for this experimental setup, all simulation models harm the performance
of the networks compared to from-scratch training, i.e. the best simulator is the one that
“poisons” the network the least, allowing the network to recover best when fine-tuning
on real data. We attribute this to the fact that the domain gap between simulated and
real world is too large regardless of the sensor simulation model used, and that 100% of
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the real data is enough data to fully train the networks from scratch. When reducing the
amount of real-world data to 10% or 1%, the pre-training shows more potential, with all
simulation models outperforming the experiment without pre-training on simulated data.
At 10% of the real data, using the Plain model as a simulator is the best choice, while at
1% of the real data, each of the simulation models works best with one of the networks.
We suspect that the domain gap between simulated and the real world is so large, that
the differences between how the different LiDAR simulation models depict the world
becomes negligible in comparison to the general “world domain gap” of CARLA and the
real world. In conclusion, when there is absolutely no annotated real-world data available,
the physical simulator seems to be the best choice. However, as soon as there is at least
some annotated data available, the advantage of the physical model is diminished. Still,
simulated data is valuable for long-tail scenarios and scenarios that are too dangerous to
collect real data for. Where possible, training on a sufficient amount of real data is always
preferable.
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Pre-training

Fine-tuning on Full (100% of) Real Dataset

Simulator | Network Car AP@IOUO0.5 | Cycl. AP@IOUO.5 | Ped. AP@IOUOQ.5 | Overall mAP Car AP@IOUO0.5 | Cycl. AP@IOUO.5 | Ped. AP@IOUOQ.5 | Overall mAP
BEV 3D BEV 3D BEV 3D BEV 3D BEV 3D BEV 3D BEV 3D BEV 3D
Part A2 - - - - - - - - 86.969 86.717 | 62.221 58711 | 48321 45746 | 65.837 63.725
None PointPillar - - - - - - - - 87.596 85.750 | 58.666  55.231 | 46.491 41.038 | 64.251 60.673
PV-RCNN - - - - - - - - 87.478 85.927 | 58.631 53.272 | 45342 42.109 | 63.817 60.436
Part A2 33.053 26.241 | 2.975 0.350 22.644 15560 | 19.557 14.050 | 84.414 84.188 | 58.238  56.559 | 53.858 50.133 | 65.503 63.627
Plain PointPillar | 35.193  27.568 | 3.438 0.209 8.832  4.546 | 15.821 10.774 | 88.125 86.510 | 57.462  52.200 |43.390 37.458 | 62.992 58.723
PV-RCNN | 47.713  44.091 | 0.222 0.026 10.804  5.669 | 19.580 16.595 | 85.078 83.925 | 54.615 50.495 | 39.499 33.591 | 59.731 56.004
Part A2 27.214 21.668 | 0.000 0.000 14.342 10225 | 13.852 10.631 | 84.364 82.732 | 56.696  52.451 | 45527 41.298 | 62.196 58.827
BlenSor | PointPillar | 36.484 32.389 | 1.871 0.067 13.549  7.010 | 17.301 13.155 | 86.648 85.390 | 50.232  47.582 | 42.835 37.721 | 59.905 56.898
PV-RCNN | 51.967 50.061 | 0.097 0.000 7.081 4.195 | 19.715 18.085 | 85.086 84.882 | 53.511  48.637 | 41.380 37.670 | 59.992 51.898
Part A2 25.530 23411 |3.702 1.068 17.939 12452 | 15.724 12.310 | 84.859 84.260 | 59.513  56.031 | 48.520 42.924 | 64.297 61.072
Physical | PointPillar | 53.759 47.484 | 1.204 0.143 8.762 3.580 | 21.242 17.069 | 89.586 87.886 | 53.189  50.662 | 45.265 39.817 | 62.680 59.455
PV-RCNN | 48.972 47.040 | 0.120 0.012 15993  9.519 | 21.695 18.857 | 87.004 86.807 | 48.356  46.204 | 40910 36.973 | 58.756 56.661

Table 4.4: Comparison of the different LIDAR simulators for object detection. None refers to the case where no pre-training was
performed on any simulated data. For each network, the simulator where the network achieved the best overall performance is
highlighted in bold and color-coded numbers. When only pre-training on simulated data is performed, our physical simulator
outperforms the other simulators for two out of the three networks, indicating that the point clouds generated by our simulator more
closely resemble real point clouds. However, when fine-tuning on 100% of the KITTI dataset, using no simulated data at all (None)
performs best. All evaluations are conducted on the validation split of KITTI Object.
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4.6.5 Measuring Suitability for Validation

Another possibility to evaluate the performance of a simulator, besides measuring the
performance as a training data generator for downstream tasks, is to measure suitability
to reliably evaluate real-world methods on simulated data. Using simulation to evaluate
models on the long tail of the scenario distribution and on underrepresented safety
critical scenarios provides a safe way to test and refine methods without the risk and
cost associated with real-world testing. However, evaluating safety-critical methods on
simulated data requires a simulator that is as close to reality as possible, i.e. methods
should perform identically on simulated and real data and vice versa. This means, that a
method trained on real data, with specific success and failure characteristics, should exhibit
identical characteristics also on simulated data, otherwise the simulator is not suitable
for validation. This can be measured using the “ground-truth detection agreement”-score
introduced by Manivasagam et al. [Man+20]. For this evaluation, ground-truth labels
have to be the same for both real and simulated data, i.e. the objects must be of the same
class, at the same location, with the same size and orientation in simulation as they were
annotated in the real world.

The agreement score is then calculated as:

_1GeNSL [+ [6G-NS_|

4.52
G UG_ | (452)

Kder

G refers to the ground-truth labels in the real world data, that have been detected (G ) or
missed (G_) by the model. S refers to the same ground-truth labels (but in the simulated
data), that have been detected (S ) or missed (S_) by the model. Essentially, the labels
are bit-identical for both domains, only the input data to the model is different. The
more realistic a simulator is, the higher the agreement score will be. To this end, we
generated paired samples of real (KITTI Object) and simulated data for the various
simulators: We replicated all scenarios from the KITTI Object dataset (validation split)
in the simulator and recorded simulated LiDAR data for these scenarios. The perfect
simulator should generate data that is indistinguishable from real data. This would lead
to identical performance of the model on both real and simulated data. This especially
includes the model making the same mistakes on both data sources, leading to ground-
truth detection agreement of x;,, = 1. If the performance on simulated data and real-world
data would be completely uncorrelated, the agreement score would be k;,; = 0.

Table 4.6 reveals multiple interesting insights: The agreement scores on cars are
generally higher than on pedestrians and cyclists, which is plausible, as cars are modeled
much better than pedestrians and cyclists in the CARLA simulator. Furthermore, we see
that using the Plain model as a simulator leads to the best overall performance. This is
surprising, as visually (Section 4.6.2) and statistically (Section 4.6.3) the Plain model was
resembling the real data the least. We can only speculate as to why this might be: One
suspicion is that the simulation models that apply noise and visibility thresholds do so in
a way that is slightly different from how real-world sensors function, which is essentially
adding another level of complexity to the same simulated source data. A model trained on
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LiDAR Network Kcar KCyclist Kpedestrian
Simulation @IOoU0.5 @IOoU0.7 @IOU0.25 @IOU0.5 @IOU0.25 @IoUu0.5
Part A2 0.756 0.600 0.535 0.478 0.637 0.585
Plain PointPillar 0.788 0.577 0.553 0.501 0.581 0.466
PV-RCNN 0.785 0.593 0.662 0.610 0.706 0.609
Part A2 0.737 0.592 0.482 0.440 0.630 0.584
BlenSor PointPillar 0.776 0.564 0.552 0.531 0.624 0.508
PV-RCNN 0.770 0.585 0.625 0.557 0.665 0.588
Part A2 0.749 0.573 0.522 0.460 0.638 0.587
Physical PointPillar 0.768 0.547 0.525 0.494 0.579 0.449
PV-RCNN 0.794 0.582 0.631 0.564 0.679 0.588

Table 4.6: Detection Agreement Score on KITTI for different networks and LiDAR simu-
lations. The best score for each network is highlighted in bold, color coded for each of
the networks. The 10U thresholds are measured for oriented BEV bounding boxes. The
scores are much higher for the Car class compared to the Cyclist and Pedestrian classes.
Generally speaking, the Plain model performs better than BlenSor and the physical model.

real-world, noisy data over the course of the training learns a representation of what a car,
cyclist or pedestrian looks like. It could be, that the data generated by the Plain simulation
is the closest to this representation, as the physical and BlenSor model introduce noise
and visibility thresholds that are only similar to the real world, but not identical and thus
the statistical distribution of the simulated data (at least from the networks’ perspective)
becomes even more different from the real data. However, this is speculation and further
research is needed to confirm this hypothesis.

4.7 Conclusion

We conclude the chapter by discussing the limitations of our model, and the implications
of our findings. Finally, we close with a summary of the chapter.

4.7.1 Assumptions and Resulting Limitations

Our model relies on several assumptions. These assumptions lead to some limitations,
which are discussed in the following.

Flat, Homogeneous Target Surface: We assume that the target surface is flat and
homogeneous in its material properties. This is a simplification, as real-world targets
are often complex and have varying material properties. However, this simplification is
necessary to make the model tractable. From a practical standpoint, the model can be
extended to more complex modeling of targets by segmenting the target into smaller,
homogeneous parts and applying the model to each part separately. However, as we extract
data from the z-buffer of a 3D scene, we would require at least twice the vertical and
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horizontal resolution of the depth map to capture the required level of detail, slowing
down the simulation significantly. For close-range targets, where the laser beam is spread
over a small area, this assumption is not critical: For our model, the beam width is
approximately 0.04 m at 10 m distance, and 0.12 m in diameter at 50 m distance. For far-
away targets, where the laser beam is spread over a larger area due to the beam divergence,
this assumption prohibits our model from accurately capturing multi-material targets and
multi-returns.

No Atmospheric Damping and Bad Weather: We neglect atmospheric damping, as
it is insignificant compared to the % term in (4.12). This assumption is valid for clear
weather conditions, where the meteorological visibility is over 20 km. For a generally
lowered visibility range, it is trivial to add the damping factor 3 to the model in (4.8). To
model actual reflections caused by water droplets or snowflakes, a significant extension to
CARLA would be required, as rain and snow are not simulated as true 3D objects in the
environment at the moment. Furthermore, to evaluate this extension, a dataset with bad
weather data would be required. As there is no bad weather data contained in the KITTI
dataset, we did not investigate this further.

Emitter and Receiver Optics are Co-located: The optical center for the emitter and
receiver optics are the same for our simulator. This limitation is a result of using the
z-buffer as data source for our simulator, as the z-buffer only provides the range to the
content of the pixel. To model separate emitter and receiver locations, a ray tracing
approach would be required. This would allow us to model the path of the laser beam
from the emitter to the target and back to the receiver, and to take shadow and occlusion
effects into account. We tried to mitigate this limitation by using an empirical approach
for shadowing effects in Section 4.3.6, and the results look visually promising. However,
further research is needed to introduce a more physically accurate model via ray tracing
for shadowing effects.

4.7.2 Summary

Using visual and statistical comparisons (cf. Section 4.6.2, Section 4.6.3, and Fig. 4.24),
we demonstrated that the noise characteristics of our physical model align more closely
with real-world data than those of our baselines. In terms of visibility characteristics,
both our baseline BlenSor and our physical model exhibit a closer match to real-world
characteristics compared to using no visibility model; however, based on visibility range
alone, determining the best choice from our comparisons remains challenging. As a
source of training data for 3D LiDAR object detectors when no annotated real-world
data is available, our physical model appears to be the most suitable (cf. Table 4.4).
However, once even a small amount of annotated real-world data becomes available,
there is no longer a clear optimal choice among the simulation models. For evaluating
the simulation models as tools for validating object detection networks, we operated
under the assumption that if a LIDAR simulation model produces realistic measurements,
perception models trained on real data should perform comparably on previously unseen
simulated data. However, we found that increased realism (in terms of visual appearance
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and noise characteristics) in simulated data does not necessarily translate to a more similar
performance between simulated data and data from the real world.

(b) Karlsruhe, Germany.

Figure 4.25: CARLA world and Karlsruhe, Germany (KITTI dataset).

In summary, we see that despite our best efforts to create a realistic, physically-based
LiDAR simulator, the domain gap between simulated and real-world data remains sig-
nificant. Surprisingly, this is true for all sensor simulation models in our experiments.
Even our baseline model BlenSor, with its simple noise and visibility model should be a
strict improvement over the Plain simulation model, with its unrealistic perfectly planar
surfaces, but our experiments revealed, that this is not necessarily the case. We believe that
the main cause for the domain gap does not lie in “how” the simulated world is mapped to
recorded sensor data (i.e. the modeling of the sensor itself), but rather the characteristics of
the underlying simulated world, that deviate too much from our real-world target domain:
CARLA is recorded in various simulated towns, which are modeled after small American
country towns and small cities. These differ a lot from the “dense” European-style city
of Karlsruhe, where the KITTI dataset has been recorded. At the same time, we know
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from literature, that modern, state-of-the-art LiDAR object detectors are so sensitive to
data distributions, that even just differing object sizes between Germany and the US
[Wan+20b] lead to performance degradation, despite the data being recorded using the
same sensor. We can assume the domain gap between simulated and real data to be much
greater than between two real-world recordings (cf. Fig. 4.25), and as a result the model
performance suffers more severely going from the simulated to the real-world domain,
since state-of-the-art object detectors are capable to exploit any nuance or artifacts present
in the data.

4.7.3 Outlook

One potential idea for future work could be to take a more data-driven simulation approach,
at least for cases, where there is a real sensor model with sufficient pre-recorded data
available. Recently, NeRF approaches have made big advances in the space of novel
view synthesis for cameras [Mil+20]. Since for all real-world AD datasets, there is paired
camera and LiDAR data available, one idea might be to extract the 3D mesh along with the
material parameters from the real world using a NeRF-based approach, such as [Mun+22].
Since the LiDAR beam geometry, target surface geometry and the surface material
parameters are then known, the simulated LiDAR model could be calibrated to match the
real-world sensor data. This could be achieved by formulating the task as a reconstruction
problem, i.e. given the real-world mesh, geometry and material parameters, reconstruct
the real-world LiDAR measurements using the simulated LiDAR model, in essence
calibrating the simulation LiDAR model to match the real-world sensor behavior. For
inference, the calibrated simulation model could then be used to generate measurements
from a simulated world, since in simulation we have access to the material parameters
and the geometry of the target. Taking this approach still requires the simulated assets to
have realistic material parameters, which could be solved by combining semantics (for
example generated by an off-the-shelf semantic segmentation network) with the NeRF,
to generate the material parameters for the simulated assets, by sampling the material
parameters from a database of real-world materials.
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5 Self-Supervised LiDAR Scene Flow
and Motion Segmentation

This chapter (except the outlook in Section 5.5) has been published in S. A. Baur,
D. J. Emmerichs, F. Moosmann, P. Pinggera, B. Ommer, and A. Geiger. “SLIM: Self-
Supervised LiDAR Scene Flow and Motion Segmentation”. In: 2021 IEEE/CVF Inter-
national Conference on Computer Vision, ICCV 2021, Montreal, QC, Canada, October
10-17, 2021. IEEE, 2021, pp. 13106-13116. DOI: 10.1109/ICCV48922.2021.01288.
URL: https://doi.org/10.1109/ICCV48922.2021.01288 [Bau+21]. For detailed
information on the contributions of the authors, please refer to Appendix B.

Recently, several frameworks for self-supervised learning of 3D scene flow on point
clouds have emerged. Scene flow inherently separates every scene into multiple moving
agents and a large class of points following a single rigid sensor motion. However, existing
methods do not leverage this property of the data in their self-supervised training routines
which could improve and stabilize flow predictions. Based on the discrepancy between a
robust rigid ego-motion estimate and a raw flow prediction, we generate a self-supervised
motion segmentation signal. The predicted motion segmentation, in turn, is used by
our algorithm to attend to stationary points for aggregation of motion information in
static parts of the scene. We learn our model end-to-end by backpropagating gradients
through Kabsch’s algorithm and demonstrate that this leads to accurate ego-motion which
in turn improves the scene flow estimate. Using our method, we show state-of-the-art
results across multiple scene flow metrics for different real-world datasets, showcasing
the robustness and generalizability of this approach. We further analyze the performance
gain when performing joint motion segmentation and scene flow in an ablation study. We
also present a novel network architecture for 3D LiDAR scene flow which is capable of
handling an order of magnitude more points during training than previously possible.

5.1 Introduction

Reasoning about the motion of dynamic objects in a scene is crucial for robotic applica-
tions such as autonomous driving. One representation for such motion is scene flow, a set
of displacement vectors between two consecutive time frames, forming a 3D vector field
Fi—+1. Its application allows to transform points P; recorded in the first frame into the
second frame via pgtﬂ) = pl(t) + f;. Another representation is the binary classification of
points into either moving or stationary, known as motion segmentation.
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5 Self-Supervised LiDAR Scene Flow and Motion Segmentation

Our method tackles the problem of simultaneous LiDAR scene flow estimation and
motion segmentation using a deep network. Existing works treat these two problems
independently. Most of them rely on large amounts of labeled data to obtain state-of-the-
art results (see Section 3.2.2). Self-supervised learning attempts to alleviate this problem,
but existing scene flow networks using weak or self-supervision have critical drawbacks:
Currently, all of them require downsampling of point clouds from around 128,000 points
for typical LiDAR frames to no more than 8,192 points during training or they train and
evaluate on datasets with 1-to-1 point correspondences, see Section 3.2.3.

Figure 5.1: Scene Flow Prediction by SLIM. Flow vectors are colored by their direction
and magnitude as illustrated with the color wheel. Our method correctly annotates the
background as static and produces consistent results for the two vehicles, matching the
ground truth scene flow.

Our approach trains well even on datasets with no 1-to-1 correspondences and can han-
dle one to two orders of magnitude more points per point cloud than previous approaches
for self-supervised scene flow. We build on top of RAFT [TD20], the state-of-the-art for
optical flow, and extend the network to perform iterative scene flow estimation and motion
segmentation on PointPillar-based BEV feature representations of point clouds [Lan+19].
This architecture realizes an excellent trade-off between generalizability, accuracy, and
computational efforts. Using the consistency of motion for the stationary background, we
are able to extract training targets for self-supervised motion segmentation. No additional
data or labels besides raw, consecutively recorded point clouds are required for training,
the cues for self-supervised classification come from the typical motion profiles of these
classes alone.

Our main contributions are:
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5.2 Method

* Our method is the first point-cloud-based scene flow estimation method that can
classify points as “moving” and “stationary” based on self-supervised training.

* Our method significantly outperforms previous methods in point-cloud-based scene
flow estimation, especially in terms of generalization to previously unseen data,
which we demonstrate on multiple datasets, in both the self-supervised and fully
supervised setting.

* Our novel network architecture can handle significantly more points than current
weakly or self-supervised approaches.

5.2 Method

3D scene flow estimation uses two consecutive input point clouds P, € RV3, P, €
RM>3 o predict for each point in the first point cloud a 3D displacement vector, repre-
senting the motion of each point w.r.t. the sensor frame.

5.2.1 Network Architecture

We make use of an efficient network, specialized on LiDAR data from the perspective
of an Autonomous Vehicle (AV), sacrificing the ability to generalize to more freely
moving scenes and objects as seen in FT3D for example. Our network consists of three
components, detailed in Fig. 5.2: A point cloud encoder, a flow backbone, and an output
decoder explained below. We also introduce the used loss functions and their purposes.

Point Cloud Encoder: The input point clouds P;,P;; | are separately encoded into a
BEV pseudo-image using the Pillar Feature Net (PFN) introduced in [Lan+19] (shared
weights), the resulting values Z;,7Z,,; € RE*W*C are then processed by the backbone.
To ensure comparability with other methods [LQG19; Gu+19; Wu+20; Tis+20; Wei+20;
Goj+21], we use for all datasets the same BEV extent covering the square from —35m <
x,y < 35m around the ego vehicle, with x,y being the horizontal axes. We use a resolution
of H = W = 640 which corresponds to a pillar size of roughly 11cm.

Flow Backbone: Our backbone is heavily inspired by RAFT [TD20] which was de-
veloped to predict dense optical flow on images. Its core component is an update block
acting recursively on a hidden state and a flow prediction, producing a more refined
and accurate flow with every iteration. Therefore, a correlation volume is constructed
from independently encoded input images, using the previous flow prediction to look up
correlation values and thus guide the flow to a more accurately matching pixel region.
Even though RAFT was designed for dense optical flow, we show that it is also very
suitable and generalizes well in the sparsely populated BEV domain, which consists of
more scattered and smaller regions and very independent motion patterns (moving traffic
participants) than regular images.

We adapt RAFT [TD20] to handle flow prediction and iteratively update two additional
logits, as shown in Fig. 5.2. The first logit map L, is used as an output signal to classify
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Figure 5.2: SLIM Network overview (top): Two point clouds are encoded into a BEV
pseudo-image and processed by the RAFT Flow Backbone. The output decoder aggregates
the flow using Kabsch’s algorithm and the point-wise classification logits. SLIM Update
Block (bottom): The Convolutional Gated Recurrent Unit (ConvGRU) iteratively predicts
updates for the flow and logits, using correlation lookups guided by the predicted flow.

the points as stationary or moving w.r.t. the world frame. The accuracy of predicted flow
can vary greatly in a scene, as featureless surfaces are not suitable for flow estimation.
The second logit L, is used to overcome this problem, allowing the network to signal
its confidence in a flow estimate. Both logits are used by the output decoder to aggregate
and improve accuracy on static and dynamic scene elements.

L5 1s handled similarly to the flow stream, but the task of confidence weighting is
more closely tied to the flow prediction and thus the data streams are therefore coupled
during the processing of information. Except for this minor change we retain the general
framework of RAFT, including zeroing the gradient not only on the input flow but also on
the input logits of each update block.

Output Decoder: Our backbone produces a 2D BEV flow map F € R *W*2 together
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5.2 Method

with two logit maps, L, Ly¢. Additionally, our model keeps track of a global classifica-
tion threshold pg,; through moving averages, discussed in more detail in Section 5.2.2.

Firstly, the output decoder uses these BEV maps to annotate each point of the input
point cloud P, with a flow vector f; and two logits /. ;, lwg,; according to the values of
its corresponding pillar cell. By doing this we assume that all points in a pillar behave
very similar. We believe this to be true for almost all LiDAR point clouds measured
outdoors, as all moving traffic participants need to occupy some ground. Additionally,
most LiDAR systems are built in a way that their beams are not upward-facing. Note that
although our network architecture is specialized in this way, our loss framework is suited
for any 3D scene flow prediction and does not require the assumption of a 2D flow. In
order to regularize and improve the flow prediction on the static scene, the output decoder
aggregates the points classified as still into a single coherent rigid-motion odometry
transform T, € R**4. This aggregated transform should be minimizing the squared error
when comparing its resulting flow with the flow prediction from the network:

T, =argmin Y w;|(T—1L)p;—f|’ (5.1)
TERY4 pcP,

Defining the odometry transform ngg’“ € R4 as the ego vehicle position at time
t + 1 measured in the ego vehicle frame from time step 7, we know that all stationary

points should have a flow of ((ng(’f“)_l —I4)p;. We therefore expect the computed

transform T, ! ~ Teeo *1 to be a good approximation for the odometry of the vehicle.

We use Kabsch’s algorithm [Kab76] to compute T, using singular value decomposition
which is differentiable. The weights w; for each point determine how much influence each
flow vector prediction has on the final result T,. We first apply a sigmoid activation to
the confidence logits and then mask them based on the classification logits. Afterwards,
we normalize all weights to sum to 1 to ensure numerical stability. See Section 2.3.1 for

more details on the computation of the rigid transform.

_ G(lwghi)[G(lcls,i) > pstaz]
l Zj G(lwgt,j> [G(lcls,j) Z pstat]

(5.2)

The confidence logits only receive gradient updates through the computation of 7, and are
therefore trained end-to-end without further supervision.

For the purpose of inference, the final aggregated flow map of our network is

fagg,i _ {(Tr - I4>pi if lcls,i 2 Dstat (53)

fi if lcls,i < Dstat

or in words: Points predicted to be stationary use the flow from the aggregated rigid
ego-motion transform, all other points use the raw flow prediction from the network.
However, we make use of the aggregated transform T, and the classification logits L, in
the loss. Especially L., does not have any gradients yet through the aggregated flow or
transform and is only trained through special loss terms introduced in the next section.
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5 Self-Supervised LiDAR Scene Flow and Motion Segmentation

5.2.2 Loss

We have different self-supervised components based on the two input point clouds, and
the network’s predicted flow, logits, and the aggregated transform.

K-Nearest Neighbors (k-NN) Loss: First and foremost we use a k-NN loss as a self-
supervision signal for our flow estimation as is done by earlier works for self-supervised
scene flow [MOH20; Wu+20; Tis+20]. Given a pointwise flow f; and a nearest neighbor
function NNp,, , (p;) = argmin p;EPru1 Ip; — pi| we find for every flow-corrected point in
P; an NN-based error distance:

ei=|NNp,., (pi+f;) — (pi+1£)| (5.4)

As we work with noisy data and especially non-bijective point clouds there are greater
errors observed in distant points. To mitigate this, we define an outlier percentage p,,; <<
1 and ignore all errors lying in this top-percentile. Additionally, we apply this loss not to the
aggregated flow F g, but to the raw flow prediction F and the rigid flow f.; = (T, —I4)p;
separately, resulting in a total NN loss

L= ﬁzei@-) Feilt) (5.5)

We found that this stabilizes the training in the early phases and does not hurt the
performance. Applying the loss only to the aggregated flow has the problem that early
during the training the smooth and small rigid flow is more accurate and thus dominates
over the raw flow leading the network into a local optimum where the classification
predicts only stationary points. This then leads to the raw flow getting masked out from
the aggregated flow, consequently receiving no gradient updates, and thus performing
badly. Of course, depending on training settings and network initialization, this behavior
could also occur in reverse. Thus we train both flow fields every time at every point.

Rigid cycle consistency: Inspired by recent successful applications of cycle consistency
losses [Tis+20; MOH20] we apply our network not only on the input point clouds
(Pr,Py+1) but also on the reversed order (P41, P;), giving us access to the prediction of
the inverse rigid motion 7. For accurate predictions, these two rigid transforms are the
exact inverses to each other. In order to measure the error, we apply them to the input
point cloud as a way of weighting the different error aspects of the transforms.

1

L. —
rce |7Dt|

Y I(T,T, —1L)p] (5.6)
pi€P;

Artificial Labels: The classification logits L, are trained using a self-supervised loss
based on the NN errors ¢;. Additionally, we compute these errors not only for the raw
flow prediction f; but also for the rigid counterpart f,.; in order to compare those e,; to the
errors for the raw flow. We use the standard binary cross-entropy loss based on artificial
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5.2 Method

labels depending on which NN error is smaller.

Ly=— Z [ei < er,i] lOgGUcls,i) + [ei > er,i] 10g(1 - G(lcls,i>) (57)
pi€P:

Supervised loss: On datasets where ground truth flow labels F,; and vehicle odometry

Tg;; *+1 are available, it is possible to train the network using supervised losses:

Y (i1 (5.8)

pi€P;

Lfl ow — ‘ Pt ’

Additionally, we supervise the classification logits by specifying a ground truth rigid class
target through a threshold m1,., to the non-rigid flow part

ri = [[feri — (Tege ™) " = La)pil < Mepresh) - (5.9)

The resulting cross-entropy-based classification loss is

Les = Y rilogo(lesi) + (1= ri)log(1 — 0 (Ls,))- (5.10)

|7Dt| Pi 673;

The last supervised loss is used to increase the performance of the rigid transform mostly
by providing a signal to the confidence weights used by the computation of the transform.

Lr= ,7)[| 2 (T Ti;f“) Dpil (5.11)
pi€P

Classification Threshold: We observe in our experiments that our scores and metrics
depend on a well-calibrated threshold py,; for switching between the case of moving or
stationary points. As our training pipeline already requires this threshold for the weights
in the computation of T, we require an online mechanism to adjust this threshold, instead
of choosing it during post-processing. Therefore, we track moving averages of the metric
m(p) we want to optimize for a fixed set of possible thresholds {pg, p1, ..., pn }. We can
then define the threshold py. = p; with

i = argmin m(p;) (5.12)
i=0,...,N

as the point where our metric is currently optimal. It is important to note, that in the case
of self-supervised trainings we only make use of the k-NN errors e; and e,.; which do not
require any ground truth labels but also only approximate the metric we want to optimize.
In the supervised setting, on the other hand, we use the ground truth flow to compute
the moving averages of the metric as accurately as possible. For all our experiments we
optimize the threshold according to the AEE 50-50 metric which we introduce in the
following section. Please refer to Appendix C for more details.
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5 Self-Supervised LiDAR Scene Flow and Motion Segmentation

5.3 Evaluation

To verify our claims, we first report results for different experimental setups and compare
our method against two other baselines using in total 4 different datasets. In a final set
of experiments, we highlight the importance of the different components of our method
through an ablation study.

Figure 5.3: Qualitative comparison of methods on a KITTI-SF scene. Accurately estimated
flow according to AccR is colored blue, inaccurate predictions red. From left to right:
PPWC, PF, Ours

5.3.1 Experimental Setup

We applied only minor modifications to the PointPillars (PP) PFEN encoder and the
RAFT backbone (called RAFT-S in [TD20]). Details on our architecture can be found
in Appendix C. We trained all our experiments for 100k iterations with a batch size of 1
and a learning rate of 10~* using the RMSProp optimizer. In order to stay consistent with
previous evaluation protocols [MOH20; Tis+20; Wu+20] we also remove all points up to
30cm above the ground from the point cloud prior to training and inference.

When training self-supervised we set the weights of the supervised losses to 0 and
weighted the rest of the losses with A4,,,, =2, A,.c = 1,4, = 0.1. In the case of supervised
trainings we only used the supervised losses with A7,,, = 10, A = 1,4, = 10.
Evaluation Metrics

To evaluate the performance, we use the established metrics and an extra outlier metric:
* AEE: average endpoint error (EE) across all points
* AccS: point ratio where EE < 0.05m or relative error < 0.05
* AccR: point ratio where EE < 0.1 m or relative error < 0.1
* QOutl: point ratio where EE > 0.3 m or relative error > 0.1

* ROutl: point ratio where EE > 0.3 m and relative error > 0.3
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5.3 Evaluation

To ensure comparability with previous works we report Outl as a metric on KITTI-SF,
however, we found it has several drawbacks, the most notable being that often the sum
of Outl and AccR is larger than 100%, which is counterintuitive for an outlier metric.
On the other datasets, we exclusively report the robust variant ROutl defined above. A
more detailed discussion and direct comparison of these two metrics can be found in
Appendix C.

As the other datasets we investigate contain a larger imbalance of moving scene parts
Ww.I.t. stationary ones, we report scores separately for those two classes. Ground truth
odometry is used to compute the non-rigid flow component

furgri =Tori— (Toge )~ = L)pi. (5.13)
Points with a non-rigid flow larger than s, = 0.05m (corresponds to 1.8 kmh™!) are
labeled as dynamic, the rest as stationary. We introduce AEE 50-50 as the average between
the AEE measured separately on stationary and on moving points.

Baselines

We selected two methods as baselines which provide recent state-of-the-art results for
self- as well as supervised training of scene flow: The first baseline we compare ourselves
against, PointPWC (PPWC) [Wu+20], uses a backbone similar to RAFT [TD20] in that
it also relies on correlation volumes inside its architecture. The second baseline is taken
from [Tis+20] and learns to predict the ego-motion component of the flow separately from
the non-rigid flow, similar to our approach in the way that we also consider the ego-motion
as a special case in our architecture. We refer to this method as PF in the following.

Datasets

To obtain representative results, we use three very different outdoor traffic scene datasets
which only have in common that they observe the scene through a LiDAR from the position
of an (autonomous) vehicle taking part in the traffic. Additionally, we use FT3D [May+16]
for the baselines as training data.

FlyingThings3D: Both baseline methods make extensive use of the FT3D [May+16]
dataset, consisting of randomly flying objects. The point clouds and the flow are 1-to-1
corresponding and have significantly more points than their counterparts from the other
datasets. This dataset is not suited for our method as we make the assumptions that the
flow is mainly in the horizontal x, y-plane and that points inside the same pillar have a
similar movement pattern. Both of these assumptions do not hold for this dataset, therefore
we do not use it to train our method.

nuScenes: nuScenes [Cae+20] is an AD dataset recorded using a Velodyne VLP32 LiDAR
sensor, featuring densely annotated object boxes in space and time, as well as a pointwise
semantic annotation. We annotated the point clouds with ground truth information using
the recorded vehicle odometry for static points and the tracking information (bounding
boxes) of moving objects.
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CARLA Simulator: Using the CARLA Simulator [Dos+17b], we collected an artificial
dataset with 142k consecutive point clouds with ground truth flow annotation. Town07 is
used exclusively for evaluation, where we recorded 1,900 different scenes.

KITTI: The KITTI-SF [MHG18] training dataset is used by many works as the main
benchmark for 3D scene flow [LQG19; Wu+20; Tis+20; KER20]. For these 142 samples,
stereo ground truth and flow annotations are given, allowing conversion of the dataset
to a point cloud representation with scene flow labels. In contrast to the nuScenes and
CARLA dataset, it consists of pairs of 1-to-1 corresponding point clouds and flow,
which differs from real-world point clouds measured at different time steps. We also
compare our method against the baselines on this dataset. For training, we use the whole
collection of unlabeled raw LiDAR point clouds published with the KITTI [Gei+13]
dataset (abbreviated with KITTI-RL), which have no annotations.

5.3.2 Impact of Point Cloud Density

Our network architecture is able to process a full scene from KITTI-RL as input, compris-
ing roughly 64,000 points. While in theory the baselines can run inference on a similar
size, during training it is infeasible to run them with more than the proposed 8,192 points
as the memory requirements and the training time increase dramatically.

Therefore, increased point cloud density does not only provide more information
but also represents a domain shift for the networks during inference. Our first set of
experiments shows which type of evaluation produces better results for the baselines and
our method and determines the evaluation mode we use in the following experiments.

Table 5.1 shows the results of these experiments. We train the baselines in a self-
supervised fashion on FT3D, as it gives them the best scores when evaluating on KITTI-SF.
For our network, we train self-supervised on KITTI-RL, as it, in turn, produces the best
result on KITTI-SF.

We conclude that both baselines suffer from the domain shift due to different point
densities, and do not benefit from the increased resolution. Therefore, we evaluate the
baselines always on the downsampled point clouds and our method on the full point
clouds.

5.3.3 Training Dataset and Domain Shift

The baselines have been evaluated on KITTI-SF with the networks trained on FT3D. We
find that our method performs quite differently on KITTI-SF based on which dataset
is used during training. Therefore, Table 5.2 showcases the validation performance of
self-supervised models on KITTI-SF for different training datasets.

Our method gives the best results for KITTI-RL. This makes sense because except
for the small camera FOV in KITTI-SF the geometric properties and their distribution
match. The baselines give better results when trained on FT3D than on any other dataset.
However, out of the other three LiDAR datasets, KITTI-RL seems to be the best choice.
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Eval Data #points | AEE|  AccST AccRT Outl]

— p 8192 [ 0.1610 0.2035 05809 0.7811
2§ 65536 | 0.1654 0.1999 0.5783 07876
5 2 8192 | 0.3466 0.0820 03145 0.8233
o -

2 KITTESE 7| 03648 0.0726 02974 0.8579

— D 8192 [ 0.1726 0.0601 0.2336 0.9832
s 65536 | 01755 0.0584 0.2126 0.9832
& 3 8192 | 0.3009 0.0986 0.2296 0.9738

= -

= KITTESE i 03256 0.1104 02058 09778
X, 8192 [ 0.1207 05178 07956 0.4024
g KITTESE i 0.0668 07695 09342 0.2488

Table 5.1: Influence of point cloud density. Our method (*) is trained on KITTI-RL.

FT3D working better than KITTI-RL is also not surprising, as it resembles more the
camera FOV as found in KITTI-SF. Qualitative results are shown in Fig. 5.3.

5.3.4 Evaluation on LiDAR Data

For an evaluation closer to the real-world we perform self-supervised experiments on
the two annotated datasets without point correspondences, CARLA, and nuScenes. Both
datasets exhibit a much larger imbalance of moving points (non-rigid flow > mp,e5n)
compared to static points. Where in KITTI-SF around 40% of points are moving, only
~5% move in nuScenes and CARLA. We, therefore, compute the AEE and Acc scores
separately and report also the newly introduced AEE 50-50 for easier comparison of
methods. Table 5.3 shows the results for the nuScenes dataset and Table 5.4 the results for
CARLA, where we trained our method as well as the baselines on the respective datasets.

As one can see, both baseline methods perform much worse than our method. However,
comparing their results to the ones they achieved on KITTI-SF suggests that the methods
themselves have no real problem with missing correspondences when trained on more
realistic data.

5.3.5 Supervised Flow Prediction

Finally, we present the best results for each method on the different datasets. All results
are achieved using supervised training except in the case of our method and the KITTI-
SF dataset. Here, our method performs best when trained self-supervised on KITTI-RL
compared to supervised training on any of the other two annotated datasets, demonstrating
the capabilities of our self-supervised model.

Table 5.5 and Table 5.6 show that our method greatly outperforms the baselines w.r.t.
almost all metrics. The domain gap between KITTI-RL and KITTI-SF is the smallest of
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Train Data AEE] AccStT AccRfT Outl)
FT3D 0.3569 0.0870 0.3202 0.8204

§ % nuScenes  0.7708 0.0897 0.2078 0.9193
& § CARLA 0.8131 0.0094 0.0663 0.9928
— KITTI-RL 0.3712 0.1992 0.4092 0.7406
— FT3D 0.3009 0.0986 0.2296 0.9738
[ % nuScenes  0.4628 0.0000 0.1356 1.0000
A é CARLA 0.3955 0.1586 0.3866 0.9565
— KITTI-RL 0.4448 0.0526 0.2310 0.9885
” nuScenes 0.1013 0.7156 0.8739 0.3046
é CARLA 0.1454 0.5106 0.7899 0.3900

KITTI-RL 0.0668 0.7695 0.9342 0.2488

Table 5.2: Self-supervised training with domain shift, evaluation on KITTI-SF

Moving Stat. 50-50

AEE| AccRt ROutl, AEE| AEE|
Zero 0.6381 0.1632 0.5783 0.5248 0.5814
PPWC [Wu+20] 0.3539 0.2543 0.3848 0.1974 0.2756
PF [Tis+20] 0.7399 0.0000 0.9364 0.0570 0.3985
Ours 0.1050 0.7365 0.0240 0.0925 0.0987

Table 5.3: Self-supervised training & evaluation on nuScenes

Moving Stat. 50-50

AEE] AccRt ROutl, AEE| AEE]

Zero 0.4049 0.1805 0.4753 0.4752 0.4401
PPWC [Wu+20] 0.3811 0.0948 0.5057 0.2577 0.3194
PF [Tis+20] 0.5711 0.0085 0.9153 0.1093 0.3402
Ours 0.0809 0.8351 0.0528 0.0853 0.0831

Table 5.4: Self-supervised training & evaluation on CARLA
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Method Train Data AEE] AccST AccR?T Outl)

PPWC [Wu+20] FT3D 0.2578 0.1803 0.4838 0.7176
PF [Tis+20] FT3D 0.1743 0.2716 0.5830 0.8729
Ours KITTI-RL 0.0668 0.7695 0.9342 (.2488

Table 5.5: Best results on KITTI-SF for all methods. Note that PPWC and PF are trained
using full supervision while our method uses only self-supervision.

Moving Stat. 50-50
Method AEE|  AccRT ROutl, AEE| AEE]
3 PPWC [Wu+20] 0.2205 0.2456 0.4257 0.2120 0.2163
e PF [Tis+20] 0.8143  0.0000 0.9024 0.1357 0.4750
6 Ours 0.04311 0.9547 0.0043 0.0466 0.0449
é PPWC [Wu+20] 0.2341  0.4949 0.2034 0.0845 0.1593
é PF [Tis+20] 0.7934  0.0000 1.0000 0.0415 0.4175
5 Ours 0.0702  0.8921 0.0170 0.0499 0.0600

Table 5.6: Best supervised results

all, thus our network achieves the best result on KITTI-SF using self-supervision. The
other methods are not able to profit from the small domain gap to the same extent.

In case of nuScenes and CARLA the baselines struggle with the imbalance of moving
points. Especially PF achieves promising results for the stationary points even outper-
forming our method on nuScenes. However, it completely ignores the moving objects. In
contrast, our method uses a moving classification threshold and therefore gracefully adapts
to datasets with changing amounts of moving points. We conclude that our method robustly
handles different datasets with a consistent flow AEE 50-50 of roughly 5cm whereas the
baselines perform drastically different and worse on the more realistic datasets.

5.3.6 Ablation Study

We now perform a series of experiments to ablate the importance of individual components,
starting with our most basic setup: A PP encoder [Lan+19] with a RAFT backbone as a
strong baseline, see Table 5.7. We first modify the RAFT backbone to update and track
the flow map together with classification logits, which we use to apply an aggregation step
to the masked ego-motion flow map in order to regularize the motion field for improved
accuracy on the static parts of the scene. Then, another map of logits for producing
weights used by the aggregation step is introduced, in theory, allowing the network to
select regions with high flow certainty and resulting in even stronger performance on
static scene elements. For the supervised training we observe a steady improvement in
performance. However, in the self-supervised case, we observe that the confidence weights
do not yield further improvements compared to pure aggregation. We attribute this to the
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5 Self-Supervised LiDAR Scene Flow and Motion Segmentation

logit  ego conf. Mov.  Stat. 50-50
introd. aggr. weights AEE AEE AEE

Self- 0.1214 0.1889 0.1551
Super- ve v 0.1050 0.0925 0.0987
vised v v v 0.1413 0.1100 0.1256
Super- 0.1273 0.1530 0.1401

) v 0.0933 0.0474 0.0704
vised

v v v 0.0702 0.0499 0.0600

Table 5.7: Ablation study on nuScenes

fact that during self-supervised training, the moving thresholds are updated only through
the very noisy k-NN residuals. This is insufficient to guide the moving threshold to an
optimal calibration. For a more detailed analysis, we refer to Appendix C.

5.3.7 Motion Segmentation

As demonstrated in Table 5.7, the motion segmentation improves scene flow performance.
Qualitative analysis of the logits in Fig. 5.4 reveals that the network indeed learns to pick
out moving objects from the point clouds. With self-supervised training on KITTI-RL, our
model achieves a Mean Intersection over Union (mloU) score of 59.5% with a sensitivity
of 73.1% on KITTI-SF. A more detailed discussion of motion segmentation can be found
in Appendix C.

Figure 5.4: Left: Ground truth motion segmentation, right: Predicted dynamicness, higher
moving probability brighter

For more in-depth evaluations the reader is referred to the appendix in Appendix C.
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5.4 Conclusion

5.4 Conclusion

We introduced SLIM, a new method for LiDAR scene flow estimation which improves
over the state-of-the-art through several key contributions: We presented a new network
design, allowing us to train and evaluate on larger point clouds, hence removing the
need for downsampling. Our model classifies stationary and moving parts of the scene
dynamically. We demonstrated that the resulting aggregation of static flow leads to a
significant improvement of the rigid flow field, in turn enabling better self-supervised
classification into stationary and moving points. In future work, we plan to explore better
regularization strategies and more self-supervisory signals to further robustify our method.

5.5 Outlook

The advancements in this chapter provide a solid foundation for further developments in
LiDAR scene flow estimation. Additionally, the accurate LiDAR scene flow generated
by our method can be transformed into something even more useful for AD: The motion
information contained in accurate scene flow offers a valuable basis for subsequent
self-supervised tasks.

For this reason, in the next chapter, we use the LiDAR scene flow estimated by our
method to tackle the challenge of self-supervised LiDAR object detection. We demonstrate
how clustering the LiDAR scene flow estimated by our method allows us to identify an
initial set of moving objects. Through LiDAR scene flow-based tracking, we refine these
clusters by discarding implausible tracks and enhancing the plausible ones. We employ an
iterative training framework which generalizes to movable objects, incorporating plausible
tracks into the training data as they are discovered. This enables us to train LiDAR object
detectors from scratch without relying on any human annotations.

Thus, the contributions of this chapter are significant on their own, but also serve as
a step towards achieving state-of-the-art LIDAR object detection performance without
using human annotations, as we will demonstrate in the next chapter.
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6 LiDAR-only Self-Supervised 3D
Object Detection

This chapter has been published in S. A. Baur, F. Moosmann, and A. Geiger. “LISO:
Lidar-Only Self-supervised 3D Object Detection™. In: Computer Vision - ECCV 2024 -
18th European Conference, Milan, Italy, September 29-October 4, 2024, Proceedings,
Part LXXXVI. Ed. by A. Leonardis, E. Ricci, S. Roth, O. Russakovsky, T. Sattler, and
G. Varol. Vol. 15144. Lecture Notes in Computer Science. Springer, 2024, pp. 253-270.
DOI: 10.1007/978-3-031-73016-0\_15. URL: https://doi.org/10.1007/978-3-
031-73016-0%5C_15 [BMG24]. For detailed information on the individual contributions
of the authors, please refer to Appendix B.

3D object detection is one of the most important components in any Self-Driving
stack, but current state-of-the-art LiDAR object detectors require costly and slow manual
annotation of 3D bounding boxes to perform well. Recently, several methods emerged to
generate pseudo ground truth without human supervision, however, all of these methods
have various drawbacks: Some methods require sensor rigs with full camera coverage
and accurate calibration, partly supplemented by an auxiliary optical flow engine. Others
require expensive high-precision localization to find objects that disappeared over multiple
drives.

We introduce a novel self-supervised method to train state-of-the-art LIDAR object
detection networks, requiring only unlabeled sequences of lidar point clouds. We call this
trajectory-regularized self-training. It utilizes a state-of-the-art self-supervised LiDAR
scene flow network under the hood to generate, track, and iteratively refine pseudo ground
truth. We demonstrate the effectiveness of our approach for multiple state-of-the-art object
detection networks across multiple real-world datasets.

6.1 Introduction

Human developmental research reveals that infants less than one year of age are able
to categorize animate and inanimate objects based on observed motion cues and can
generalize this categorization to previously unseen objects [TPP14]. Yet, lidar object
detectors with state-of-the-art performance are trained using manually selected and cate-
gorized annotations. These annotations are very expensive to obtain and become outdated
quickly: new lidar sensors are coming to market regularly, and trained state-of-the-art
object detectors are sensitive to changes of sensor characteristics, mounting position and
other domain gaps [REG19; Xu+21; Thé+22; Che+23; Esk24; Woz+24], even varying

95


https://doi.org/10.1007/978-3-031-73016-0\_15
https://doi.org/10.1007/978-3-031-73016-0%5C_15
https://doi.org/10.1007/978-3-031-73016-0%5C_15

6 LiDAR-only Self-Supervised 3D Object Detection

Figure 6.1: Objects predicted by our method using no manual annotations. Red boxes
are ground truth boxes, boxes are predicted by our network.

object sizes across different countries [Wan+20b], making existing annotations difficult to
transfer, resulting in high re-labeling efforts with each change.

In this chapter, we aim at bridging this gap by distilling motion cues observed in self-
supervised LiDAR scene flow into state-of-the-art single-frame LiDAR object detectors.
We introduce a novel and robust self-supervised, easy-to-use method, operating solely
on lidar point cloud sequences for easy-to-obtain 360° annotations. No human-annotated
bounding boxes, cameras, costly high-precision GPS, or tedious sensor rig calibration is
required, which could be especially useful in robotics research where data is often limited
(even KITTI [GLU12b] only has forward facing cameras) or maintaining a multi-sensor-
setup including its calibration is too cumbersome and expensive. Our method trains and
runs a self-supervised LiDAR scene flow estimator [Bau+21] under the hood in order to
create motion cues. We show in our experiments that these motion cues are a key factor to
the success of our method. Based on the estimated LiDAR scene flow we bootstrap initial
pseudo ground truth using simple clustering and track optimization. With these mined
bounding boxes of moving objects we initialize a self-supervised, trajectory-regularized
variant of self-training [Ami+23] (which is semi-supervised in its original form): We
train a first version of a state-of-the-art object detector, then iteratively re-generate and
trajectory-regularize the pseudo ground truth and retrain the detector. Since the single-
frame object detector has no concept of motion, it generalizes to detect any movable
object on the way. Exemplary output of the trained detector, 3D boxes in single-frame
point clouds, is depicted in Fig. 6.1.

Our contribution is a novel self-supervised trajectory-regularized self-training frame-
work for single-frame 3D object detection with the following properties:

* Itis based entirely on LiDAR, i.e. without the limitations of prior works: no cameras,
no calibration, no high-precision GPS, no manual annotations.

* Itis agnostic w.r.t. the sensor model, mounting pose, and detector architecture and
works with the same set of hyper parameters: We demonstrate this across four
different datasets and different state-of-the-art detector networks.
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6.2 Method

* Itis able to generalize from moving objects (motion cues) to movable objects (final
detection results) and significantly outperforms state-of-the-art methods while being
simpler.

We show that using motion cues together with trajectory-regularized self-training is key
to this success. The code of this approach is published for easy use and comparison by
other researchers.

In the following, the proposed method is described in detail in Section 6.2. Extensive
experiments in Section 6.3 show the performance of our method before we conclude in
Section 6.4.

6.2 Method

A general overview of our method is sketched in Fig. 6.2 and some steps are illustrated
in Fig. 6.3. As input, we take raw (unlabeled) point cloud sequences and undergo three
stages, all of which are detailed in the following: Preprocessing of point clouds and
LiDAR scene flow computation (Section 6.2.1), initial pseudo ground truth generation
(Section 6.2.2) and repeated training with pseudo ground truth refinement (Section 6.2.3).
The final output of the method is a trained object detector which can detect movable
objects in raw single-frame point clouds.

Point Ground : Clustering —
Cloud Removal ¢

[ Ego Motion f Y
+ Scene Flow
. . Pseudo Object
A )
Point iz —) Clustering Tre?ck'mg.-%- Ground Detector o
Cloud Removal \ 4 Optimization . Detection
Truth Training
Ego Motion
+ Scene Flow
Point Ground Clusterin
Y | Cloud Removal o 2

s A

oy

Figure 6.2: Overview of the proposed method. Point cloud sequences are preprocessed
(blue, Section 6.2.1), initial pseudo ground truth is created (orange, Section 6.2.2) and
the object detector is iteratively trained and pseudo ground truth regenerated (red, Sec-
tion 6.2.3).

6.2.1 Preprocessing

We preprocess the raw input point clouds as follows:

Ground Removal: First, we remove distracting ground points from each single point
cloud using JCP [She+21], which is a simple, robust, yet effective algorithm to remove
ground points using changes in observed height above ground.

Ego Motion Estimation: Second, we compute ego-motion between neighboring frame
pairs using KISS-ICP [Viz+23], which is based on a robust version of ICP. The output is
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a cm-level accurate transformation Tégg’ +1 ¢ R4*4 describing the ego vehicle position at

time ¢ + 1 represented in the ego frame from time ¢.
LiDAR scene flow Estimation: Third, we compute LiDAR scene flow between neigh-
boring frame pairs resulting in a flow vector f; = (dx,dy,dz)” for every point i in the first
point cloud P’. We use SLIM [Bau+21] (cf. Chapter 5) as it is easy to use, features fast
inference, and produces state-of-the-art results. The network is trained self-supervised on
raw point cloud sequences, minimizing a k-nearest-neighbor loss between forward and
time-reversed point clouds.

The components of our preprocessing steps (Ground Removal, Ego Motion Estimation,
LiDAR scene flow Estimation) have been selected for robustness and are all used with
their default parameters from their respective publications.

R A 3 Rl 72 WD Y PF - 777777 —E NS “
cene Flow Clustering and Bounding Box Fitting &\
SRR3R

[ D]

Figure 6.3: Overview over preprocessing, initial pseudo ground truth generation and
training with examples. Top left: In the first step, self-supervised LiDAR scene flow is
computed and corrected for vehicle ego-motion. Points are colored by flow direction and
magnitude. Top right: In the second step, the scene flow is clustered and bounding boxes
are fitted (to the moving objects), tracked and optimized. Bottom left: In the third step, the
network is trained on the pseudo ground truth and is generalizing to static objects also,
since it does not have the motion information as input signal. Points are thus colored by
laser intensity. Bottom right: Ground truth, for reference.

6.2.2 Initial Pseudo Ground Truth Generation

The aim of our method is to mine pseudo ground truth for training a 3D LiDAR object
detector. For a single point cloud P’ (consisting of n € N points p;, p; € P’) this ground
truth is a set of 3D bounding boxes B with confidences representing the objects at time ¢:

Bt:{B’j,jEN}:{(x,y,z,l,w,h,ﬂ,c)j} (6.1)
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6.2 Method

Here, (x,y,z) = x define the center position, (/,w,h) the length, width and height, 6 the
heading (orientation around up axis), and c¢ the confidence for a single box.

The key success factor of our method is to focus on a high precision (and potentially low
recall) of the initial set of bounding boxes in order to avoid “wrong” objects to negatively
influence the object detector. We achieve this by leveraging shape, density, and especially
motion cues to robustly identify moving objects solely (see also top-right of Fig. 6.3).
Section 6.2.3 targets at generalizing these to movable objects later on.

Flow Clustering: The points p; € P’ in each preprocessed point cloud are clustered
based on geometry and motion: All stationary points in a scene should have a flow f;
similar to the vehicle’s ego-motion, i.e. f; &~ f; 5o = ((T’e;f“)*1 —14) - p;. The residual
flow must then be caused by motion of other actors: f; gy = f; — £ 5. We filter all static
points by applying a threshold of 1 ms~! to the residual flow and cluster the remaining
points based on their point location and flow vector in 6D using DBSCAN [Est+96](with

parameters € = 1.0, minPts = 5).

We fit a 3D bounding box Bs- to each resulting cluster following [ You+22] and discard

boxes with I/w > 4.0, Iw < 0.35 mZ, or Iwh < 0.5m3. While these size-related thresholds
may seem limiting, in Appendix D we demonstrate in an experiment that omitting these
thresholds reduces the overall performance only slightly. The heading 0 is set to match the
“forward-axis” of the motion, i.e. we orient the boxes along the direction of the residual
flow f; 4yn. The confidence c is initialized to 1 during clustering, and later replaced by
detectors’ confidences cf. Section 6.2.3.

Tracking: We run a simple flow-based tracker: Since we have accurate ego-motion
available, we can track accurately in a fixed coordinate system w.r.t. the world. First,
using the residual flow, we can compute a rigid body transform for each box at ¢ that
transforms the proposed box B! forward in time towards its suspected location at 7 + 1,

EEH. The propagated boxes B’IH are matched greedily against the actual boxes B'*!
based on box-center distance to the new detections. Unmatched boxes in B'*! which are
further away than 1.5 m from propagated boxes spawn new tracklets. Unmatched tracklets
from B’ are propagated according to the last observed box motion for up to one time step,
after that unmatched tracklets are terminated. We run tracking forward and reverse in
time, connecting tracklets from forward and reverse tracking to tracks.

The resulting set of tracks is post-filtered: We discard tracks that are shorter than 4 time
steps or that have a median box confidence ¢ lower than the threshold 0.3. This retains
only stable and high-confident tracks and avoids false positives to enter the pseudo ground
truth.

Track Optimization: We reduce positional noise of the tracks by minimizing translational
jerk on all tracks longer than 3 m. Let A, be the sequence of (noisy) observed box
center positions x; for consecutive time steps i € {1,...,T} of a track and their derivative

% 2 x,&;x;. We compute smoothed track positions Xgmooth by initializing them to Xy
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and minimizing the following loss W.r.t. Xsmooth:

H d Xi,smooth

13 + B Hxi,smooth — Xj obs ||§ (6.2)

Le. we minimize the jerk O Tl X and use a quadratic regularizer term (8 = 3) on the positions.
This simple optimizatlon goal is better suited for our method than more sophisticated
ones like an unrolled bicycle model, as it is both faster and also class-agnostic, i.e. more
universal: Using a bicycle model is problematic when optimizing pedestrian tracks, since
our method does not allow to distinguish different classes.

We subsequently align the orientation 6 of each detection in a track to the direction
of the smoothed track at its position. Box dimensions {/,w,h} of all boxes in a track are
adapted to the 90 percentile of observed box dimensions in a track. All hyperparameters
related to clustering, tracking and track optimization have been tuned visually on two
sample snippets from nuScenes [Cae+20].

6.2.3 Trajectory-Regularized Self-Training

After having mined initial pseudo ground truth of moving objects with a high precision
and low recall, we now aim at iteratively improving our pseudo ground truth by training
and using an object detector so that the pseudo ground truth generalizes to movable
objects. We achieve this by executing iterative trajectory-regularized self-training, which
is composed of the following two steps:

Training: We train the target object detection network using the current pseudo ground
truth in a supervised training setup. Any single-frame object detection network can be
plugged into our pipeline. In our experiments we do not deviate from the basic training
setup of our object detection networks. Like any SOTA object detection method, we apply
standard augmentation techniques to a point cloud during network training: Random
rotation, scaling (+5%), and random translation up to 5 m around the origin. Furthermore,
we randomly pick 1 to 15 objects from the pseudo ground truth database and insert a
random subset of their points at random locations into the scene.

Pseudo Ground Truth Regeneration: We halt training after a set number of training
steps s (s = 30k in our experiments) and create new, improved pseudo ground truth by
running the trained detector in inference mode over all sequences in the training dataset,
using the detectors’ confidence as box confidence c. We regularize these detections by
running the flow-based tracker and track smoothing exactly like we do for the initial pseudo
ground truth generation. Every 2nd iteration (i.e. every 60k steps in the experiments), we
discard the network weights after regenerating the pseudo ground truth.

Fig. 6.4 illustrates the effect of our self-training: We see that the pseudo ground truth
improves with each re-generation and that dropping network weights allows the network
to re-focus on the generalized pseudo ground truth. Our strict requirements towards boxes
being added to the pseudo ground truth leads to lower recall compared to the network,
which as a result scores higher overall.
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Figure 6.4: Left: Effect of self-supervised self-learning: At the beginning of the training,
only moving objects are contained within the pseudo ground truth, which thus scores
0 on static objects. Thanks to the self-training, the network generalizes to movable
objects and the score of the pseudo ground truth on static objects starts to increase with
every regeneration at each "X in the graph. The pseudo ground truth’s performance is
measured on a subset of the train set of WOD dataset since our tracking is looking ahead
in time, which would be unfair w.r.t. other methods. The network (here: Centerpoint) is
evaluated on a small subset of the validation set. Right: Evaluation of Self-Training
Hyperparameters: Network (Centerpoint) performance over the course of a training on
WOD. s is the number of training steps between pseudo ground truth regenerations, r is
the number of regenerations after which network weights are dropped and re-initialized.

Two aspects are key to making our method perform well:

* Being restrictive when composing the pseudo ground truth (i.e. using plausible
tracks of high-confidence network detections or clusters with significant flow only)
avoids adding false positives into the pseudo ground truth and hence avoids that our
network increasingly hallucinates with each iteration.

* Not using flow but only single-frame point clouds as input for the detector allows
the detector to focus on appearance of objects solely.

These allow our method to generalize from initially mined moving objects to movable
objects in the scene.

6.3 Evaluation

We evaluate our method on multiple datasets across multiple state-of-the-art networks.
SLIM [Bau+21], the self-supervised flow network we use, is trained and inferred as in
the published version, but BEV range is extended from 70 x 70m, 640 x 640 pixels to
120 x 120m and 920 x 920 pixels.
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AV2 nuScenes
BEV-IOU 3D-I0OU

AP@0.31 AP@0.57 AP@0.37 AP@0.517 | APt AOE|
. CP[YZK21] 0.778 0.778 0.736 0.517 0.484 0.560
7 TF [Bai+22] 0.783 0.654 0.767 0.601 0.627 0.501
—- DBSCAN [Est+96] 0.054 0.026 0.020 0.003 0.008 0.171
; DBSCAN(SF) 0.070 0.026 0.065 0.015 0.003  0.082
%i DBSCAN(GF) 0.105 0.041 0.088 0.024 0.000 1.000
= RSF [DZ23] 0.074 0.026 0.055 0.014 0.019 1.003

Oyster [Zha+23] 0.354 0.245 - - - -
= Oyster-CP [Zha+23] 0.381 0.266 0.150 0.002 0.091 1514
= Oyster-TF [Zha+23] 0.340 0.198 0.182 0.016 0.093 1.564
Z  LISO-CP 0.448 0.335 0.367 0.188 0.109 1.062
LISO-TF 0.417 0.294 0.317 0.176 0.134 0.938

Table 6.1: Evaluation on AV2 [Wil+21] and nuScenes [Cae+20]: CP, TF: network
architecture, in the first two rows trained supervised for comparison. t: Metrics as
reported in [Zha+23]. SF: self-supervised LiDAR scene flow by SLIM, GF: ground truth
LiDAR scene flow. Note that nuScenes uses a minimum precision and recall threshold of
0.1, and since the recall of GT flow clustering is lower than 0.1, all results are clipped
away. For full nuScenes scores see Appendix D.

6.3.1 Datasets and Metrics

We evaluate our method on four different AD datasets. For a fair comparison, we compute
metrics for movable objects by mapping all animate objects (Cars, Trucks, Trailers,
Motorcycles, Cyclists, Pedestrians and other Vehicles) to a single category and discard all
inanimate objects (Barrier, Traffic Cone,...) since our method does not predict any class
attributes. In Table 6.2 and Table 6.3 we also give class-based results for completeness.
Class labels for true positives are taken from ground truth. For false positives, the predicted
class label is assigned randomly according to the label distribution in the dataset.

Waymo Open Dataset (WOD): [Sun+20] is a large, geographically diverse dataset
recorded with a proprietary high quality lidar. We evaluate using the protocol of [Naj+22;
Sei+24], using an area of whole 100m x40m BEV grid around the ego vehicle, artificially
cropping the predictions of our method down to this reduced area.

KITTI: [GLUI2b; Gei+13] is recorded using a Velodyne HDL64 LiDAR sensor, where
some parts have been annotated with 3D object boxes and tracking information in the
forward facing camera field of view. A large portion of the published data is only available
in raw format (KITTI-RL) without annotations, which our method is able to leverage, due
to not requiring any ground truth annotations for training.

Argoverse 2: AV2 [Wil+21] is recorded using two stacked Velodyne VLP32 LiDAR sen-
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AP@0.4 1 AP@0.5 1 AP@0.7 1
Movable Moving Still Vehi. Ped. Cycl. Movable Movable

BEV 3D | BEV 3D BEV 3D | BEV BEV BEV | BEV 3D BEV 3D
< CP[YZK21] 0.765 0.684 | 0.721 0.624 0.735 0.657 | 0.912 0.513 0.134 | 0.719 0.578 0.510 0.202
&  TF [Bai+22] 0.746 0.723 | 0.714 0.668 0.733 0.710 | 0.918 0.457 0.216 | 0.711 0.669 0.532 0.385
—, DBSCAN [Est+96] | 0.027 0.008 | 0.009 0.000 0.027 0.006 | 0.184 0.002 0.001 | 0.019 0.002 0.000 0.000
2 DBSCAN(SF) 0.026 0.010 | 0.064 0.041 0.000 0.000 | 0.073 0.010 0.009 | 0.011 0.001 0.000 0.000
£ DBSCAN(GF) 0.114 0.071 | 0.318 0.120 0.000 0.000 | 0.113 0.111 0.240 | 0.052 0.023 0.002 0.000
S RSF[DZ23] 0.030 0.020 | 0.080 0.055 0.000 0.000 | 0.109 0.000 0.002 | 0.025 0.012 0.011 0.000
£ SeMoLi [Sei+24] f - 0195 - 0575 - - - - - - - - 0018
~ LISO-CP 0.292 0211 | 0.272 0.204 0.208 0.140 | 0.607 0.029 0.010 | 0.239 0.146 0.110 0.019
= Oyster-CP [Zha+23] | 0.217 0.084 | 0.151 0.062 0.176 0.056 | 0.562 0.000 0.000 | 0.176 0.023 0.067 0.000
£ Opyster-TF [Zha+23] | 0.121 0.015 | 0.051 0.007 0.098 0.010 [ 0.475 0.000 0.000 | 0.092 0.003 0.031 0.000
:J LISO-CP 0.380 0.308 | 0.350 0.296 0.322 0.255 | 0.695 0.055 0.022 | 0.343 0.219 0.182 0.021
»> LISO-TF 0.327 0.208 | 0.349 0.245 0.233 0.126 | 0.669 0.024 0.012 | 0.277 0.136 0.116 0.009

Table 6.2: Evaluation on WOD dataset: We evaluate using the protocol of [Sei+24;
Naj+22], using an area of whole 100 mx40m BEV grid around the ego vehicle, consid-
ering objects that move faster than 1 ms~! to be moving (difficulty level L2). CP. TF:
network architecture, in the first two lines trained supervised for comparison. 7: Results
taken from [Sei+24]. SF: LiDAR scene flow by SLIM, GF: ground truth LiDAR scene flow.
For class-specific 3D detection scores see Appendix D.

sors and annotated with 3D object boxes. On AV2 and KITTI, we evaluate both 2D (in
BEV space) and 3D box IoU at IoU thresholds of 0.3 and 0.5 in the area of 100 x 100m
around the ego vehicle.

nuScenes: [Cae+20] is recorded using a Velodyne VLP32 LiDAR sensor. We evaluate
using the nuScenes protocol.

6.3.2 Networks

We evaluate our proposed method with two state-of-the-art LiDAR object detection
networks of different architecture: Centerpoint [YZK21] and Transfusion-L [Bai+22]. We
do not modify the published network architectures or losses and train both networks with
a batch size of four.

CenterPoint (CP): [YZK21] is based on 2D convolutions in BEV space. Object centers
are represented as heatmap in the BEV, which are then reduced to a sensible amount of
boxes using NMS.

Transfusion-L (TF): [Bai+22] is a Transformer based architecture, which is applied
after initial encoding of the LiDAR point cloud into a 2D BEV feature tensor.

6.3.3 Baselines

Besides the obvious baseline of training the object detection networks supervised from
scratch on ground truth from the dataset, we also compare to multiple strong unsupervised
baselines. For details, see Section 3.3.
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6 LiDAR-only Self-Supervised 3D Object Detection

Movable (Moving & Still)

‘ ‘ Car Pedestrian Cyclist
‘ BEV-IOU 3D-IOU ‘ BEV-IOU BEV-IOU BEV-IOU

AP@0.31 AP@0.51 AP@0.31 AP@0.51 | AP@0.31 AP@0.51 AP@0.31 AP@0.51 AP@0.37 AP@O0.51

CP [YZK21] 0.755 0.690 0.736 0.601 0.814 0.794 0.370 0.128 0.409 0.157
TF [Bai+22] 0.747 0.665 0.729 0.582 0.820 0.776 0.311 0.096 0.263 0.032
DBSCAN [Est+96] 0.023 0.002 0.010 0.000 0.026 0.005 0.000 0.000 0.064 0.007
RSF [DZ23] 0.029 0.019 0.029 0.011 0.066 0.049 0.000 0.000 0.192 0.043
Oyster-CP [Zha+23] 0.235 0.098 0.114 0.000 0.327 0.135 0.000 0.000 0.000 0.000
Opyster-TF [Zha+23] 0.273 0.088 0.128 0.000 0.364 0.121 0.000 0.000 0.019 0.000
LISO-CP 0.446 0.330 0.419 0.159 0.520 0.411 0.097 0.019 0.445 0.053
LISO-TF 0.361 0.207 0.294 0.036 0.425 0.297 0.084 0.014 0.348 0.003

Table 6.3: Evaluation on KITTI dataset: We evaluate on the forward facing field of
view where GT annotations are available, but run inference on the whole 100 x 100m
BEYV grid. Also note that flow annotations are not available for KITTI Object. CP, TF:
network architecture, in the first two lines trained supervised for comparison.

RSF: We include RSF [DZ23] in our evaluation as strong representative of methods
doing object distilling from motion cues. We ran experiments using the published code of
the authors.

DBSCAN: This algorithm [Est+96] clusters points in the point cloud with similar 3D
locations into objects. We additionally evaluate extending the cluster space to 6D by either
using SLIM scene flow (SF) or ground-truth scene flow (GT). Thus, the ’TDBSCAN(SF)”
baseline essentially corresponds to the raw detections used for our initial pseudo ground
truth generation. We use the implementation from [Ped+11] with parameter values 1.0 for
epsilon and 5 for the minimum number of points for a valid cluster.

SeMolLi: [Sei+24] is the most recent baseline. As it showed to outperform [Naj+22] as
self-supervised object detection method we include only published results of [Sei+24] in
our evaluation.

Oyster: We reimplemented [Zha+23] using PyTorch [Pas+19], and apply the proposed
framework to the CenterPoint (Oyster-CP) and Transfusion-L (Oyster-TF) to be as close as
possible to our method and evaluation. We verify our re-implementation, by reproducing
the reported metrics by [Zha+23] on AV2, see Table 6.1.

6.3.4 Results

Quantitative Results: On all four datasets we see that our method consistently out-
performs all self-supervised baselines in all metrics for movable objects, see Table 6.1,
Table 6.2, and Table 6.3. Only SeMoLi [Sei+24] beats LISO on moving objects (see
Table 6.2) but significantly drops below LISO’s performance on movable objects, hinting
to difficulties with generalization. Our method does not suffer from this performance
gap and performs nearly equally well on movable and moving objects. We also observe
that, despite mostly better performance in the supervised case, Transfusion-L responds
less favorable than Centerpoint to the self-supervised training approaches. We suspect
that Centerpoint, due to its convolutional architecture and its lack of positional encoding
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6.3 Evaluation

compared to Transfusion-L, is less susceptible to overfitting to where moving objects have
been observed and where not to expect them.

We also observe that the nuScenes dataset seems to be the most challenging for the
self-supervised methods, leading to the biggest gap between supervised and unsupervised
object detection performance. We attribute this to the sparseness of the lidar sensor with
only 32 layers. All self-supervised methods have difficulties estimating the orientation
of objects (AOE on nuScenes, 27 periodic, see Table 6.1), which the IoU-based metrics
cannot reveal.

Qualitative Results:

Figure 6.5: Qualitative Results on WOD. Red boxes are ground truth boxes, boxes
are predictions. Left: Oyster-CP Right: LISO-CP

In Fig. 6.5 we compare our method to the best-performing baseline, Oyster, using
Centerpoint as network architecture. It can be seen, that our method has higher accuracy
and predicts box orientations more accurately.

Fig. 6.6, in contrast, showcases an important failure-case and general problem of all
unsupervised methods: ground truth, especially in the WOD dataset, is also annotated in
very sparse and distant regions. It is very challenging to generate pseudo ground truth for
such regions whereas supervised trainings do not have to generalize from moving to such
movable (but very sparse) objects. This may be the main reason for a still noticeable gap
in evaluation results between supervised and unsupervised methods.

6.3.5 Ablation Study

We investigated the influence of different choices for the components in our pipeline, see
Table 6.4 and cf. Fig. 6.2.
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6 LiDAR-only Self-Supervised 3D Object Detection

Figure 6.6: Missed ground truth boxes in the WOD dataset.

Motion Cues as Clustering Input: When adding motion cues to box clustering for
Oyster we observe that detection performance already increases noticeably (comparing #3
to #4, Table 6.4). This demonstrates that self-supervised motion cues are a key ingredient
to get high-quality initial pseudo ground truth as opposed to just using clustered 3D points.

Tag Cluster Input Method Self Train Track Optim. AP@0.4(BEV) AP@0.4(3D)
#1 P, SF no tracker 0.177 0.086
#2 P, SF no tracker v 0.201 0.131
#3 P Oyster v 0.217 0.084
#4 P, SF Oyster v 0.255 0.104
#5 P SF LISO(K, SF) 0.279 0.209
# P, SF LISO(K, SF) v 0.360 0.290
#7 P, SF LISO(K, SF) v 0.292 0.211
#8 P SF LISO(K, SF) v v 0.380 0.308
#9 P SF LISO(G, SF) v v 0411 0.339
#10 P, GF LISO(G, GF) v v 0.423 0.349

Table 6.4: Ablation study of different parts of our pipeline on WOD with Center-
point [YZK21]. Abbreviations: P: points, SF: self-supervised LiDAR scene flow (SLIM),
GF: ground truth LiDAR scene flow. K: KISS-ICP ego-motion, G: ground truth ego-
motion.

Motion Cues for Tracking: Our scene-flow-based tracker is the biggest contributing
factor to the success of our method: the ablation reveals that leveraging motion cues
greatly improves tracking (comparing #4 to #6) and thus ultimately improves self-training,
1.e. more accurate tracking allows for much more strictness when matching and filtering
tracklets. The Oyster tracker uses a matching threshold of 5 m, our threshold is only 1.5 m.
This strictness leads to higher quality pseudo ground truth.

Effect of Self Training: Even without using any tracker to filter tracklets self training
has a benefit (comparing #1 to #2). This is due to the network generalizing to new
instances and confidence thresholding the detections. However, having an additional way
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6.4 Conclusion

to discard implausible detections (by tracking) amplifies the positive effect of self training
(comparing #5 to #6 and #7 to #8), as it can better prevent false positives from entering
the pseudo ground truth.

Track Optimization: The added benefit of track optimization is more independent of
self training (comparing going from #5 to #7 with going from #6 to #8). Finally we notice,
that with the combination of a strict tracker, track optimization and self training, the
performance is very close to using ground truth flow and ego-motion (comparing #8 to #9
and #10).

Hyperparameters for Iterative Training: Fig. 6.4 demonstrates that the performance of
our proposed method is relatively consistent across a range of hyperparameters. However,
using too few steps between regeneration of pseudo ground truth (s = 20k) leads to
degrading performance, because the network does not have enough time to generalize
and stabilize using the pseudo ground truth, which then has negative effects during
regeneration of the pseudo ground truth. The experiment reveals that doing multiple
iterations of self-learning and dropping network weights to allow the network to adjust is
beneficial for a good performance. We selected r = 2 and s = 30k as a good compromise
between performance and speed for all other experiments.
For more in-depth evaluations the reader is referred to the appendix in Appendix D.

6.4 Conclusion

We have proposed a novel framework for self-supervised 3D lidar object detection based
on self-supervised LiDAR scene flow. Using simple clustering on LiDAR scene flow in
combination with a novel flow-based tracker, we were able to generate pseudo ground
truth with moving objects at high precision. This enabled us to bootstrap state-of-the-
art 3D lidar object detectors, without using any human labels. The detector generalizes
from detecting moving to detecting movable objects over multiple self-training iterations.
Experiments revealed that our trajectory-regularized self-learning, based on our scene-
flow-based tracker, is key to the success of our method. We have demonstrated the
effectiveness of our approach on two state-of-the-art lidar object detectors as well as
four AD datasets. All experiments were conducted with the same set of hyperparameters,
demonstrating the robustness and wide applicability of our method. Our method achieves
a significant improvement in the state-of-the-art of self-supervised lidar object detection
on all four datasets. The biggest limitation of our approach is that our method is not able
to distinguish different classes. Future work could be around generating pseudo ground
truth for class labels, e.g. based on motion or size characteristics.
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7 Conclusion

In this thesis, we investigated two methods capable of obtaining 3D bounding box annota-
tions for LiDAR point clouds without the need for human labeling.

To this end, this thesis has presented a novel physically-based simulation framework
for LiDAR point clouds for AD applications in Chapter 4. Our model simulates both
the visibility of objects in the scene as well as the noise and artifacts present in real-
world LiDAR data, based on physical parameters and properties of the sensor and the
environment. For evaluation, we have compared our simulation model against strong
baselines. Firstly, we have compared the simulated data against real-world data visually,
showing that our simulation model is able to generate visually realistic LIDAR point
clouds. Secondly, we have analyzed the noise characteristics of the simulated data using
surfaces with known geometric properties, showing that our simulation model matches the
noise characteristics of real-world data more closely than these baselines. Furthermore,
we have used the physically-based simulation models and baselines to train and evaluate
various DL models for LiDAR object detection, comparing their suitability as source
of training data. Additionally, we have evaluated the simulators viability as a tool for
validating real-world behavior of LiDAR object detectors in simulation. Unfortunately, we
saw that despite higher visual and statistical similarity to real-world data, the physically-
based simulation model did not lead to better results w.r.t. the baselines.

In Chapter 5, we presented a new method for self-supervised LiDAR scene flow
estimation and motion segmentation. To this end, we introduced a novel network archi-
tecture, which allowed us to train and evaluate on larger point clouds than our baselines,
eliminating the necessity of downsampling. Our method, using only raw LiDAR point
cloud sequences and no human annotations, along with losses based on nearest neighbor
matching and rigid cycle consistency, significantly outperformed the state-of-the-art for
self-supervised LiDAR scene flow estimation at the time of publication. Additionally, we
successfully generated a self-supervised training signal for motion segmentation solely
from motion cues, which in turn improved the LiDAR scene flow estimation.

Finally, in Chapter 6 we introduced a novel self-supervised, trajectory-regularized
self-training framework for 3D object detection in LiDAR point clouds, without the need
for any human annotations. This is achieved by first estimating self-supervised LiDAR
scene flow (cf. Chapter 5) and using it to bootstrap initial pseudo ground truth for moving
objects by clustering the LiDAR scene flow, and performing box fitting, tracking, and
track optimization. Subsequently, a LIDAR object detector is trained on this initial pseudo
ground truth. Being a single frame based detector, it generalizes from moving to all mov-
able objects in the scene, since it is unable to distinguish between moving and stationary
objects. The pseudo ground truth is iteratively improved by tracking and optimizing
the detected bounding boxes, and by retraining the detector. We demonstrated that our
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method outperforms the state-of-the-art for self-supervised LiDAR object detection on
four different datasets, using two different state-of-the-art object detectors and identical
hyperparameters for all settings. This showcases the consistently good performance, wide
applicability, robustness and potential cost savings of our method.
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B Appendix: Credits

This chapter describes the individual contributions of the authors to the projects SLIM
[Bau+21] (Chapter 5) and LISO (Chapter 6) [BMG24].

B.1 SLIM: Self-Supervised LiDAR Scene Flow and
Motion Segmentation

Stefan Andreas Baur and David Josef Emmerichs contributed equally to this work. Stefan
Andreas Baur initiated the project, extended the RAFT backbone for scene flow and
motion segmentation, and suggested using the Kabsch algorithm to improve the scene
flow estimation on the static points. David Josef Emmerichs suggested the idea of using
the discrepancy of the nearest neighbor loss between the raw flow and the rigid flow
estimate as self-supervised training signal for motion segmentation, and finding the
optimal classification threshold during training using exponential moving average. Frank
Moosmann and Andreas Geiger provided feedback on the manuscript, and actively
contributed to the manuscript, including proofreading. Peter Pinggera and Bjorn Ommer
contributed by proofreading.

B.2 LISO: Lidar-only Self-Supervised 3D Object
Detection

Stefan Andreas Baur initiated the project and suggested the idea of using self-supervised
lidar scene flow for 3D object detection. Frank Moosmann and Andreas Geiger provided
valuable feedback and comments on results and general research directions during the
active phase of the project. Frank Moosmann and Andreas Geiger further contributed to
the manuscript.
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C Appendix: Self-Supervised LiDAR
Scene Flow and Motion Segmentation

This appendix has been published in S. A. Baur, D. J. Emmerichs, F. Moosmann, P. Ping-
gera, B. Ommer, and A. Geiger. “SLIM: Self-Supervised LiDAR Scene Flow and Motion
Segmentation”. In: 2021 IEEE/CVF International Conference on Computer Vision, ICCV
2021, Montreal, QC, Canada, October 10-17, 2021. 1IEEE, 2021, pp. 13106-13116. DOTI:
10.1109/1ICCV48922.2021.01288. URL: https://doi.org/10.1109/ICCV48922.
2021.01288 [Bau+21].

C.1 Computation of Confidence Weights

Using the confidence logits we need to compute a set of weights for the above Kabsch
algorithm. In our initial experiments, we first tried a softmax activation, however, we
found it to be quite unstable and generalizes badly to unseen inputs. We attribute this
behavior to the fact that a few outliers in the logit distribution contain almost all the weight
after activation. Activating each logit independently with the sigmoid function alleviates
the problem as all high logit values get mapped to roughly the same weight of 1. We now
have to deal only with a numerical issue when all logits are quite low, e.g. below -100
for 32-bit floating-point-precision. Then the sigmoid function maps all values to exactly
0, leaving the Kabsch algorithm with nothing to optimize. We avoid this problem by
normalizing the sum beforehand which theoretically does not change the result, however,
we provide a fused computation for the sigmoid activation and normalization such that
we have a numerically stable set of weights.
Defining m; = [0(.5) > Psiar) as the mask for static points our goal is to compute

miG(lwgt i)
wi = ’ (C.1H
l Zj|mj=1 G(lwgt,j)
with | 1
o(x) =e" =ée'o(—x) . (C.2)

1 +e* 1+e*
From the identity above it is easy to check that

in(x o (x forx>0
o) = e 7O)G(|x|) - {exGE—)x) forx <0 €3
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holds. Using this in (C.1) with [ . ; = min(l,;,0) we have

wgt i

o (|lwgr.il) eXp(lv;gt,i)

- (C4)
Zj\mjzl G(’lwghj ‘) exp(lwgt7j)

Wi =

In the above equation, the sigmoid activations are now numerically stable between 0.5 and
1. The well-known trick of shifting all exponents about s = max;),,,— Lser.i in the above
expression makes the whole expression numerically stable

G(|lwgt,i|) CXP(l;gt_,i - S)

2 (C.5)
Zj|mj=1 G(’lwgt,jD exp(lwgt.,j B S)

Wi =

as the largest term of the sum in the denominator is now at least as large as o(|s|)e® > 0.5
and therefore the denominator is well above 0.

C.2 Moving Classification Threshold

The result of any classification task depends strongly on the chosen threshold based on
the predicted scores. Fig. C.1 shows how differently trained networks generate different
distributions for the classification scores and how some metrics vary when changing the
threshold p;peg, for that score o (I.;). We are interested in optimizing the scene flow for
the stationary and the moving points, therefore, we want to select the optimal threshold
for the AEE 50-50 metric. As the classification is already used during training as a mask
to improve the results of the resulting rigid transform T, we need an online mechanism
selecting this threshold. As the scores are bounded between 0 and 1 we do this by keeping
a moving average of the AEE 50-50 metric my, for R = 100,000 different thresholds py,

resulting in different possible aggregated flows fgg?g i

For the supervised training, the update rule is

mk —mkaN’ +(l—a

Zc,|fg,, oy (C.6)

lll

with N; being the number of points in the currently processed point cloud, o being
the decay factor of the exponential moving average per point, and ¢; being a pointwise
weighting factor which is 1 for stationary points and ’;"V for moving points. The last
ratio is measured across the whole training set and the weights, therefore, account for the
fact that we are interested in an optimal AEE 50-50 compared to optimizing AEE. The
update rule also accounts for the current size of the point cloud and gives more weight to
large point clouds as it would happen if we would update for every point individually. As
we initialize the moving metrics with 0, we compute an unbiased estimate through also
tracking a bias counter b, = bya™ + (1 — a™) and simply dividing the above computed
metric by it: Ay, = my/by.

For the exponential moving average to “forget” after every 5,000 training iterations, we
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Figure C.1: Different metrics across changing thresholds for supervised training on
nuScenes: The vertical line represents the moving threshold computed online during
training. The yellow curve represents AEE 50-50 on the test set. Selecting all points as
moving gives the best result for the moving AEE but the worst for stationary AEE. The
opposite is true when classifying all points as stationary and using the improved rigid
motion result. However, the moving AEE increases much more dramatically if points are
classified wrongly as static and the optimal threshold is therefore around 40% moving
points. Our moving average predicts just about over 50% moving, however, the AEE 50-50
is very flat in this area, and our achieved AEE 50-50 of 6.4 cm is just 1 mm lower than the
optimal threshold.

setorto 1 — m, where (NV;) is the average point cloud size of the used dataset. Based
on the unbiased estimates 77 we simply look for the best, therefore, smallest value and
choose the corresponding threshold p; as the optimal threshold p;j;.s;, = argmin e my,.
The whole update step can be easily vectorized and implemented efficiently using standard
DL framework components including cumulative sums and sorting of the classification
scores and is implemented similar to computing efficiently precision-recall-curves.

In the case of self-supervised trainings, we do not use the weights c¢; as they already
make use of labeled quantities, namely if a point is moving or stationary. We also can not
use the ground truth flow and therefore replace the endpoint error term through the k-NN

error term e,(fig)g”) defined in (5.4):

my, = mo™M + (1 -« Z|e agg” (C.7)

Losing the controlled weighting and accurate error estimation negatively influences
moving averages and the accuracy, however, we found it to work reasonably well. Fig. C.2
shows the same information as Fig. C.1 only for a self-supervised training corresponding
to the third row of Table 5.7. Where in the supervised case the AEE 50-50 score from our
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moving threshold computation is just 1 mm short compared to the optimal AEE 50-50, it
is in the self-supervised case already more than 0.6 cm worse than the optimal threshold
could have been.

0.5 1 ('\ 50-50: 12.0cm

—-@-moving: 13.0cm
0.4 | -e-still: 5.2cm

= —o-overall: 6.6cm
o 037 \-e-miou: 54.5%
= — predicted threshold: 12.6cm
0.2
@

0.1
— |
0 - T T T T T T
0 20 40 60 80 100
points predicted as moving [%]

Figure C.2: Different metrics across changing thresholds for self-supervised training
on nuScenes: The vertical line represents the moving threshold computed online during
training using the k-NN residuals. The fact that stable self-supervised training criteria are
more challenging to formulate for Scene Flow, leads to a larger gap between the optimal
and learned threshold for self-supervised training.

C.3 Robust Outlier Metric

The outlier metric used by previous works [LQG19; Gu+19; Tis+20; Wu+20] defines a
point as an outlier if its predicted flow vector has an endpoint error >30cm or a relative
error >10%. However, we believe this metric has several drawbacks:

* The name and intuition about this metric are misleading. A predicted flow of 1.2cm
length for a ground truth flow of only 1.0cm would be already considered an outlier
where most people would classify this as normal noise.

* It also contradicts the accuracy metrics. The case mentioned above would not only
be classified as an outlier but also as strict accurate (<5cm) and relaxed accurate
(<10cm).

* The definition itself is not minimal. The case where the endpoint error is greater
than 30cm but smaller than 10% basically does not exist, as this would require
a ground truth flow larger than 3m, or accounting for 10Hz sample frequency
30m/s=108km/h. This rarely occurs in the city-based datasets and therefore the
30cm condition is superfluous.
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To avoid these drawbacks, we introduce a robust outlier metric ROutl which we report
instead for the two newly investigated datasets, nuScenes and CARLA. It is defined as the
relative portion of points that have a predicted endpoint error >30cm and relative error
>30%. We believe it to not suffer from any of the drawbacks mentioned above:

* Requiring both the relative and absolute conditions to hold removes counting the
small noise on an almost 0 ground truth flow to not be counted as an outlier. Also
requiring a 30% error instead of 10% separates it well from the relaxed accuracy,
following more closely the intuition of the name outlier.

* A flow classified as a robust outlier can now never be at the same time (relaxed)
accurate as those definitions are mutually exclusive.

* The definition is now minimal. A prediction for a small flow ground truth flow of
up to 1m with 30% < 30cm needs to meet the absolute condition to be counted as
an outlier, where a prediction of a large flow ground truth of above 1m or 36km/h
needs to meet the relative condition.

Also, the robust outliers are counted as outliers by the old metric, so the robust outlier
metric always reports a lower number. Table C.1 shows a comparison of the two metrics
and how they behave in relation to each other. Especially for moving points, the Outl
metric is very close to 100% for all methods and thus does not convey a lot of information.
ROut discriminates better between the methods.

Table C.1: Self-supervised training & evaluation on nuScenes - comparison of metrics
ROutl and Outl

Moving Static
ROutl] Outl] ROutl] Outl]
Zero 0.5783 1.0000 0.6838 1.0000
PPWC [Wu+20] 0.3848 0.9395 0.1800 0.8508
PF [Tis+20] 0.9364 1.0000 0.0035 1.0000
Ours 0.1309 0.8125 0.0630 0.5286

C.4 Classification

We evaluate the classification using the following metrics (where TP: true positive, TN:
true negative, FP: false positive, FN: false negative):

) _ TP+TN
* accuracy: acC = TpITNIFPIEN
* sensitivity: sens = TP&%

TP TN )

* mean intersection over union: mloU = 0.5(1p7mprrn T TNTFPIEN
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On KITTI-SE, a mloU of 34% can be achieved by guessing that a point is moving with
a probability of pmov,guess = 0.31. This can be shown using the knowledge that roughly
40% of points in the dataset are moving (pg; = 0.4), and from the optimality criteria

for the binary classification: aami =0 and w = 0. As already briefly

Pmov,guess Pmov,guess

mentioned in the paper, Table C.2 shows that our method achieves a mIoU score of 42.9%
on KITTI-SF when trained self-supervised on KITTI-RL. The results show, that like for
Scene Flow estimation, the domain gap from KITTI-RL to KITTI-SF seems to be the
smallest and leads to the best performance achieved through self-supervision. The domain
gap from simulated CARLA data to KITTI-SF is obviously larger than from nuScenes
to KITTI-SE, which can explain the performance gap between the two datasets when
evaluating on KITTI-SF for both the self-supervised and the supervised case. A few
example images for motion segmentation by the network trained using self-supervision
can be seen in Fig. C.3.

Table C.2: Classification results for self-supervised and supervised training for different
training datasets, evaluated on KITTI-SF. Acc, mloU & sens are the resulting values that
are obtained when the threshold is optimized w.r.t. AEE 50-50 (in the self-supervised case
via k-NN residuals as proxy). Opt acc & opt mloU are scores that could achieved if the
threshold were selected w.r.t. optimal classification, irregardless of Scene Flow estimation
performance, a trade-off that is also discussed in Fig. C.1
Train Dataset acc mloU sens optacc opt mloU
Self- KITTI-RL 0.601 0.429 0.835 0.747  0.581
Super- nuScenes 0.491 0.308 0.906 0.835 0.699

vised CARLA 0.443 0.246 0991 0.765 0.613
Super- nuScenes 0.861 0.754 0942 0.925 0.855
vised CARLA 0.610 0.416 0418 0.650 0.434

Once again, when comparing optimal scores and those optimized for AEE 50-50 in
Table C.2, it becomes clear that there is a trade-off between optimal performance on
the Scene Flow task (AEE 50-50) and optimal performance in terms of classification, as
discussed in Section C.2.

C.5 Architecture & Parameter Details

C.5.1 Training

We use the RMSProp optimizer with 0.0001 for the learning rate, with warm-up and decay.
For the first 2k steps of the training, the learning rate is exponentially increased, starting
from 0.0 to 0.0001. After that, exponential decay is applied with a ratio of 0.5 every 60k
steps. While we chose the batch size of 1 during training, we use a batch of point clouds
to perform “forward” and “backward” predictions.
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C.5 Architecture & Parameter Details

Figure C.3: Motion segmentation by our self-supervised network trained on KITTI-RL
evaluated on KITTI-SF. Left: Ground truth motion segmentation, Right: Predicted motion
segmentation by our network, brighter colors indicate higher dynamicness.

C.5.2 PillarFeatureNet

The PEN is used to create the BEV feature maps consumed Z;,7Z; | by the RAFT backbone.
We use the default configuration of the PFN introduced in [Lan+19] almost every aspect,
with minor deviations described in the following: In their original paper, Lang et al. used
batch normalization, but due to the small batch size in our experiment, we swap regular
batch normalization for batch renormalization [Iof17]. This is then followed by ReLU
activation, like in the original paper. In our experiments, the spatial BEV dimensions are
H = 640,W = 640 and C = 64 feature channels are used: Z;,Z;; € RT*WXC but any
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reasonable combination of spatial and feature dimensions can work. We do not use the
reflectivity/intensity channel of the point clouds, as the usage would break generalization
when training on KITTI-RL and evaluating on KITTI-SF, where the network has to
generalize from LiDAR point cloud data to stereo camera point cloud data.

C.5.3 RAFT

We use the parameters and configuration of the model called RAFT-S introduced in
[TD20] whenever possible, for example, like in the original paper, the output of the
context network (see [TD20]) has 160 channels and is divided into the initial hidden
state iy with 96 channels and the encoded scene context with 64 channels. Like in the
original RAFT-S as introduced by Teed et al. [TD20], we use 4 correlation levels with a
correlation lookup radius of 3 each. Also, like in the original paper, the ConvGRU in the
Update Block estimates flow at 1/8th of the original input resolution: F € RY [8xW[8x2
As an extension to the original RAFT-S, we introduce logits £.;; and confidence weights
Ly, which are handled equivalently to the flow map, in the case of the logits with an
additional encoder & decoder. The encoders in the Update Block use 2D convolutional
layers with 64 and 32 channels each with ReLLU activation. The Flow-Head (like in the
RAFT-S paper version) and additional Classification-Head each use two convolutions, 128
filters each with ReLU activation Unlike in the original paper, no mask for upsampling the
predictions to full resolution is learned, instead bilinear upsampling is used. For training
and inference, six iterations are used in the update block to refine the result.

C.6 Transferability of the SLIM Loss Framework onto
PointPWC

Our ablation study shows an improvement of our RAFT network over the other baseline
methods, without applying our novel loss framework (Table 7, row 1). In addition, it
demonstrates that motion segmentation and Kabsch regularization for rigid static flow
boost SLIM’s performance when trained self-supervised (row 2+3).

To investigate the relationship between the network architecture and the performance
boost provided by our loss framework we present results of our SLIM loss applied to
another model.

PoseFlowNet [Tis+20] already has a mechanism to deal with the rigid scene motion so
our loss cannot be directly applied onto that architecture. However, PointPWC [Wu+20]
has a suitable architecture to test the transferability of our proposed losses. We extend the
PPWC architecture with the necessary logits to apply our loss framework (classification
& confidence), as well as the necessary Kabsch regularization (from here on out referred
to as PPWC-MOD), and apply the SLIM loss framework to each of the four pyramid
levels. As the application of SLIM’s losses requires cyclic consistency as a self-supervised
training signal, we additionally extend the training regime of PointPWC to do forward
and backward scene flow estimation by adding an inference step for the time-reversed
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C.7 Runtimes

input point clouds.

Table C.3 shows that the above-introduced modifications result in a worse performance
than the baseline PPWC (row 1,4). Further investigations into this matter reveal that
the cyclic training routine does not harmonize well with PPWC. Therefore, we present
the results of two more training configurations: The PPWC trained on cyclic samples
(without any other modification) (row 2) and the PPWC-MOD without cyclic sampling
and training (row 3). These experiments show that SLIM produces slightly better results
compared to the corresponding baselines for some metrics, but not for all. In the case of
non-cyclic training, it is also shown, that there are only marginal differences. We conclude
that SLIM’s performance boost also heavily depends on the chosen network architecture.

Table C.3: Ablation study on nuScenes for PPWC[Wu+20]. Flow directions during
training: f: forward, r: reverse. f+r: training using both forward and reverse time. f&r:
training using both forward and reverse time with explicit cyclic consistency between
forward and reverse predictions.

*: SLIM loss without cyclic consistency

network loss flow dirs Mov. Stat. 50-50
arch. framework training AEE AEE AEE
PPWC [Wu+20] orig f 0.3539 1.1974 0.2756
PPWC [Wu+20] orig f+r 0.6432 0.5457 0.5945
PPWC-MOD SLIM* f 0.3837 0.1475 0.2656
PPWC-MOD SLIM f&r 0.4005 0.2284 0.3145

C.7 Runtimes

The runtimes of SLIM and the baselines are reported in Table C.4. Please note that SLIM
does not make use of the optimizations reported in [TD20].

Table C.4: Runtimes as reported by the authors of each method. The runtime for RAFT-S
has been measured using an implementation optimized for half-precision, SLIM (Tensor-
Flow, 6 RAFT stages, unoptimized) takes 443 ms on a single Tesla V100 GPU.

Method Runtime
PPWC [Wu+20] 117 ms
PF [Tis+20] 491 ms
RAFT-S [TD20] 50 ms
SLIM 443 ms
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C.8 Failure Cases

Figure C.4: Very dynamic scene leads to flow outliers on the static pole in the background
(top left). (red: outlier, blue: accurate)

Our network predicts quite accurate static flow and thus has no problem distinguishing
cars as moving even when having the same speed as the sensor as long as there are some
static objects present. Most scenes in the NuScenes dataset have more than 90% of static
points. Even for scenes with the lowest amount of static points of around 20% the flow
estimates for the dominant dynamic objects is correct and only a few static elements fail,
see Fig. C.4.
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D Appendix: LiDAR-only
Self-Supervised 3D Object Detection

This appendix has been published in S. A. Baur, F. Moosmann, and A. Geiger. “LISO:
Lidar-Only Self-supervised 3D Object Detection”. In: Computer Vision - ECCV 2024 -
18th European Conference, Milan, Italy, September 29-October 4, 2024, Proceedings,
Part LXXXVI. Ed. by A. Leonardis, E. Ricci, S. Roth, O. Russakovsky, T. Sattler, and
G. Varol. Vol. 15144. Lecture Notes in Computer Science. Springer, 2024, pp. 253-270.
DOI: 10.1007/978-3-031-73016-0\_15. URL: https://doi.org/10.1007/978-3-
031-73016-0%5C_15 [BMG24].

D.1 Implementation Details

We run the networks Centerpoint [YZK21] and Transfusion-L [Bai+22] on 100 x 100m
BEV grids around the ego vehicle. We use NMS with a threshold of 0.1 (2D BEV IoU) for
the detections. The optimizers, as well as their learning rate schedules are kept from the
respective original implementations, but the schedules are shortened to match the lifecycle
of the network weights during the iterative rounds of self-training. For the zero-shot
generalization required by Oyster [Zha+23] after the first round, we found that starting
from an initial BEV range of 50 x 50m, and then extending to 100 x 100 m, gave the best
results. For DBSCAN we used € = 1.0, and minPts = 5. We optimize all tracks using
Adam optimizer with learning rate 0.1 for 2000 steps for a complete point cloud sequence
batched (at the same time), which takes less than 2 s per nuScenes session on a Nvidia
V100 GPU.

D.2 Self-supervised LiDAR Scene Flow

As mentioned in Section 6.3, we extend the BEV range of SLIM [Bau+21] from 70 x 70 m,
640 x 640 pixels to 120 x 120m and 920 x 920 pixels, but make no further modifications
to the network. This results in the state-of-the-art scene flow quality described in Table D.1.

The small performance gap of our method between using ground truth and SLIM
LiDAR scene flow (comparing the last and the second-to-last row of Table 6.4) demon-
strates that SLIM LiDAR scene flow has suitable quality for our method, and also that
our method does not require absolutely perfect LIDAR scene flow estimates to work well.
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D Appendix: LiDAR-only Self-Supervised 3D Object Detection

Ground truth LiDAR scene flow is generated using the recorded vehicle egomotion for
static points and the tracking information (bounding boxes) of moving objects.

D.3 Additional Ablations

Box-size Thresholds for Initial Pseudo Ground Truth: After fitting boxes to the initial
LiDAR scene flow clusters, we discard abnormally-sized boxes, i.e. boxes that are smaller
than a child or quite elongated cf. Section 6.2.2. Despite these thresholds being very
permissive, having size limitations for the initial pseudo ground truth could potentially
limit the applicability of our method. We therefore investigate how the performance of our
method changes when omitting this constraint influences the performance in Table D.2.
While the impact on the overall performance is very minor and looks promising, further
investigations would be required to exclude the possibility that small children and long
but thin vehicles might potentially be underrepresented in the dataset, which would lead
to a similar effect on the metrics.

Omitting Weights Dropping During Self Training: We also investigate the influence
of weights dropping on the overall performance during self-training: I.e. we keep periodic
regeneration of pseudo ground truth, but the network weights are never dropped between
the rounds of incremental self training. The negative impact on performance is more sig-
nificant here. We believe dropping the weights helps the network to escape the overfitting
to noise from the previous iteration of pseudo ground truth more easily than via weak
negative gradients.

D.4 Performance of LiDAR Scene Flow Clustering on
nuScenes

In the evaluation on nuScenes (see Table D.3), the worse performance of using DBSCAN [Est+96]
clustering on ground truth LiDAR scene flow compared to using DBSCAN on SLIM

Train Data Val Data AEE(moving)[m] | AEE(static)[m]|
AV2 Train AV?2 Val 0.079 0.075
KITTI Raw KITTI Tracking 0.092 0.104
nuScenes Train nuScenes Val 0.132 0.077
WOD Train WOD Val 0.091 0.085

Table D.1: Lidar scene flow metrics of SLIM [Bau+21] on the datasets (evaluated on
val split), for a BEV range of 120 x 120m. Note that for KITTI, we only evaluate the
Jorward-facing FOV which has been annotated with tracked objects. Objects faster than
1 ms~! are considered moving. AEE refers to the average endpoint error across either all
moving or static points.
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D.4 Performance of LiDAR Scene Flow Clustering on nuScenes

Cluster ) ) AP@0.4 AP@04
Input Method Modification BEV 3D
P, SF LISO(K, SF) - 0.380 0.308

P, SF LISO(K, SF) keep all cluster sizes  0.366 0.296
P, SF LISO(K, SF)  never drop weights 0.334 0.261

Table D.2: Additional ablations for LISO-CP on WOD (Movable). We investigate the
influence of omitting the dropping of weights during self training (“never drop weights”),
and the influence of omitting the discarding of clusters based on the size constraints as
described in Section 6.2.2 (“keep all cluster sizes”). P: point cloud, SF: self-supervised
LiDAR scene flow (SLIM), K: KISS-ICP.

1.0 4
—— Dist.: 0.5, AP: 0.0 —— Dist.: 0.5, AP: 0.0
0.8 —— Dist.: 1.0, AP: 0.0 —— Dist.: 1.0, AP: 0.0
§06- Dist. : 2.0, AP: 0.0 £ Dist. : 2.0, AP: 0.1
3 —— Dist.: 40,AP:00 5 —— Dist.: 4.0, AP: 1.0
£ 04- g
0.2 -
0.0 T T T T 1 T T T 1
0.0 0.2 0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0

Recall Recall

Figure D.1: Performance comparison of clustering ground truth LiDAR scene flow (left)
and SLIM [Bau+21] LiDAR scene flow (right) on the nuScenes dataset. The methods
are evaluated according to the official nuScenes protocol on the validation split. The
dashed line represents the minimum threshold for precision and recall of 0.1, all results
below these two thresholds are discarded. This leads to the surprising effect that the AP
score is higher when using SLIM LiDAR scene flow, but this is only a result of the clipping
dictated by the nuScenes evaluation protocol.

LiDAR scene flow is surprising. However, this peculiar effect is explained by Fig. D.1,
which shows the full precision-recall curves, generated using the official nuScenes proto-
col on the validation split [Cae+20]. The nuScenes protocol uses minimum precision and
recall value thresholds of 0.1, discarding all results below these thresholds. As mentioned
in Section 6.2.2, we assign confidence score of 1.0 to all clusters discovered by DBSCAN.
This causes all detections generated using DBSCAN on ground truth LiDAR scene flow
to be discarded.
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—e— LISO
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Figure D.2: Precision and recall of the (tracked) pseudo ground truth generated by
Oyster and LISO over the course of self-training of Centerpoint on WOD (training split).
Precision and recall are computed like in the AP metrics used in Fig. 6.4 and Table 6.2,
i.e. true positives are occurrences where the BEV loU between ground truth and predicted
boxes is greater than 0.4, but at a specific confidence threshold: For Oyster, we use the
reported value from the publication ¢ = 0.4 [Zha+23]. For LISO, we use ¢ = 0.3 and only
discard the learned weights every other round, as stated in Section 6.2.2. Note that the
dip in Oyster’s performance at round 1 stems from the zero-shot generalization, where
the network is tasked to generalize from the training on the initial pseudo ground truth
generated on the smaller BEV range to the full, previously unseen BEV range, going from
50 x 50m to 100 x 100m.

D.5 Quality of Pseudo Ground Truth during Iterative
Self-Training

One critical aspect of iterative self-training is the quality of pseudo ground truth on the
training dynamics, as depicted in Fig. D.2. Finding the right balance between precision
and recall in the pseudo ground truth is crucial for achieving optimal performance during
self-training iterations: In our experiments, we find that having initially a small subset of
high precision training samples is superior to having a larger set with higher recall but
worse precision, because it allows the model to learn from a smaller but more reliable set
of labeled data. A larger set of pseudo ground truth that is collected with less rigorous
clustering, tracking and filtering, includes more noisy and mislabeled data. As discussed in
[Zha+23; You+22], the limited model capacity does prevent the model from overfitting to
the inconsistent noises in the pseudo ground truth to some extent and the model generalizes
mostly to the objects of interest, but in our experiments, higher quality pseudo ground
truth with less noise ultimately leads to better performance. Motion cues (i.e. egomotion
and LiDAR scene flow) are the superior clustering and tracking input signal, allowing our
method to generate much cleaner initial pseudo ground truth when compared to Oyster,
which we also demonstrate in our ablation in Table 6.4. Fig. D.3 additionally visually
demonstrates the difference between using LiDAR scene flow for initial pseudo ground
truth creation and just using point clouds (Oyster) on an example point cloud: As expected,
using LiDAR scene flow leads to fewer false positives in the initial pseudo ground truth.
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D.6 Qualitative Results

Figure D.3: Clustering results for the initial pseudo ground truth generation on WOD.
Red boxes are ground truth boxes, are predictions. Left: Oyster Clustering result
on points, with high recall but low precision. Right: LISO Clustering result on points and
SLIM LiDAR scene flow, resulting in high precision pseudo ground truth (LISO). Points
are colored according to flow direction and magnitude.

D.6 Qualitative Results

For more qualitative comparisons besides Fig. D.4 or Fig. 6.5, we kindly refer the reader
to the video accompanying this supplement.

D.7 Quantitative Results

In Table D.4 and Table D.3 we have more detailed metrics for WOD and nuScenes. Please
note that the models get a high penalty on the Nuscenes Detection Score (NDS), because

they cannot distinguish object classes and therefore score an Average Attribute Error of
1.0.
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Figure D.4: Qualitative Results on WOD. Red boxes are ground truth boxes, are
predictions. Left: OYSTER-CP Right: LISO-CP Both methods struggle to some extent with
false positive detections, but Oyster much more so, despite using the higher confidence
threshold. We attribute this to the fact that Oyster has noisier initial pseudo ground truth,
which leads to wrong training signals.
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D.7 Quantitative Results

method APt NDStT ATE| AOE| ASE|
. CP[YZK21] 0484 0.524 0357 0560 0.263
O TF [Bai+22] 0.627 0.614 0287 0.501 0.207
 DBSCAN [Est+96]  0.008 0.109 0987 0.171 0.962
= DBSCAN(SF) 0.003 0.106 1.186 0.082 0.952
£ DBSCAN(GF) 0.000 0.000 1.000 1.0 1.0

RSF [DZ23] 0.019 0.183 0774 1.003 0.507
= Oyster-CP [Zha+23] 0.091 0215 0.784 1514 0.521
= Oyster-TF [Zha+23]  0.093 0233 0708 1.564 0.448
= LISO-CP 0.109 0224 0750 1.062 0.409
& LISO-TF 0.134 0270 0.628 0938 0.408

Table D.3: Full evaluation results on nuScenes dataset: We compare LISO with two
different network architectures (TF [Bai+22], CP [YZK21]) against different baselines
and also give supervised training results as reference (two top rows). Along the AP
score we report the nuScenes detection score NDS, which is a combination of the AP
score, average translation, orientation, scale, attribute error/score (ATE, AOE, ASE, AEE
respectively). All models get a high penalty on the Nuscenes Detection Score (NDS),
because they cannot distinguish object classes and therefore score an Average Attribute
Error of 1.0. Note that nuScenes uses a minimum precision and recall threshold of 0.1,
and since the recall of GT flow clustering is lower than 0.1, all results are clipped away.

SF: LiDAR scene flow by SLIM, GF: ground truth LiDAR scene flow.

‘ Movable ‘ Moving Still ‘ Vehicle Pedestrian Cyclist
AP@0.4 AP@0.4 AP@0.4 AP@0.4 AP@0.4 AP@0.4
BEV 3D | BEV 3D BEV 3D |BEV 3D BEV 3D BEV 3D
. CP[YZK21] 0.765 0.684 | 0.721 0.624 0.735 0.657 | 0.912 0.841 0.513 0.413 0.134 0.094
O TF [Bai+22] 0.746 0.723 | 0.714 0.668 0.733 0.710 | 0.918 0.899 0.457 0.429 0.216 0.187
5 DBSCAN [Est+96] | 0.027 0.008 | 0.009 0.000 0.027 0.006 | 0.184 0.048 0.002 0.000 0.001 0.000
‘> DBSCAN(SF) 0.026 0.010 | 0.064 0.041 0.000 0.000 | 0.073 0.046 0.010 0.006 0.009 0.006
2 DBSCAN(GF) 0.114 0.071 | 0.318 0.120 0.000 0.000 | 0.113 0.075 0.111 0.063 0.240 0.151
Z RSF[DZ23] 0.030 0.020 | 0.080 0.055 0.000 0.000 | 0.109 0.074 0.000 0.000 0.002 0.000
~  SeMoLi [Sei+24] § - 0.195 - 0.575 - - - - - - - -
LISO-CP 0.292 0.211 | 0.272 0.204 0.208 0.140 | 0.607 0.440 0.029 0.009 0.010 0.004

Opyster-CP [Zha+23] | 0.217 0.084 | 0.151 0.062 0.176 0.056 | 0.562 0.204 0.000 0.000 0.000 0.000
Opyster-TF [Zha+23] | 0.121 0.015 | 0.051 0.007 0.098 0.010 | 0.475 0.058 0.000 0.000 0.000 0.000
LISO-CP 0.380 0.308 | 0.350 0.296 0.322 0.255 | 0.695 0.543 0.055 0.037 0.022 0.016
LISO-TF 0.327 0.208 | 0.349 0.245 0.233 0.126 | 0.669 0.408 0.024 0.008 0.012 0.005

Self Train

Table D.4: Full evaluation results on WOD dataset: We evaluate using the protocol of
[Sei+24; Naj+22], using an area of whole 100 mx40m BEV grid around the ego vehicle,
considering objects that move faster than 1 m/s to be moving (difficulty level L2). CP, TF:
network architecture, in the first two lines trained supervised for comparison. §: Results
taken from [Sei+24]. SF: LiDAR scene flow by SLIM, GF: ground truth LiDAR scene flow.
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